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Algorithmic and artificial intelligence techniques show immense potential

to deepen our understanding of socioeconomic inequality and inform interven-

tions designed to improve access to opportunity. Interventions aimed at histor-

ically underserved communities are made particularly challenging by the fact

that disadvantage and inequality are multifaceted, notoriously difficult to mea-

sure, and reinforced by feedback loops in underlying structures. While great

strides have been made in these areas – from assigning seats in public schools

to poverty mapping – there remain many domains with major opportunities for

further contributions and the prospect that we may be able to develop unified

frameworks for applying computational insights to improve societal welfare.

In this thesis, we develop algorithmic and computational techniques to ad-

dress these issues through two types of interventions: one in the form of allo-

cating scarce societal resources and the other in the form of improving access

to information. We examine the ways in which techniques from algorithms,

discrete optimization, mechanism design, and network and computational sci-

ences can combat different forms of disadvantage, including susceptibility to

income shocks, social segregation, and disparities in access to health informa-

tion. We highlight opportunities for computing to play a role in fundamental

social change. We close with a discussion on open questions in an emerging

research area – Mechanism Design for Social Good (MD4SG) – around the use of

algorithms, optimization, and mechanism design to address.
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CHAPTER 1

INTRODUCTION

Algorithms and artificial intelligence have shown promise to deepen our

understanding of disadvantage and socioeconomic inequality. None of the di-

mensions of inequality – whether economic, social, and cultural – alone con-

veys the whole picture; many, furthermore, are complex and difficult to mea-

sure (Grusky, 2018; Grusky and Weeden, 2016; Tumin et al., 2012). These chal-

lenges are further exacerbated by feedback loops in the underlying socioeco-

nomic structures. There is thus an opportunity for algorithmic and computa-

tional insights to inform interventions that can help address the needs of indi-

viduals and communities

Thus far, computational applications have ranged from mechanism design

for kidney exchange (Roth et al., 2005, 2004), to machine learning for poverty

mapping (Jean et al., 2016; Xie et al., 2016), and developing technology for

under-resourced communities (Patel et al., 2010). While great strides have been

made in many of these areas, there remain numerous domains with major op-

portunities for exploration and the potential for developing unified frameworks

to identify opportunities for computational insights to help improve societal

welfare.

In this thesis, we present findings at this research interface of algorithms,

artificial intelligence, and social sciences. Specifically, we develop and employ

algorithmic and computational techniques to address the above issues through

two types of interventions discussed in Parts II and III:
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Part II Designing algorithmic, optimization, and mechanism design-based ap-

proaches to improve allocation of societal resources, especially in settings

in which such resources may be scarce or there is heterogeneity in need or

preference for these resources, and

Part III Leveraging computational and network-based insights to measure and

improve access to information for disadvantaged groups.

In doing so, we make contributions towards fundamental algorithmic ques-

tions – such as the house allocation problem in matching and mechanism design

– identify new directions for contributions, including at the interface of public

finance and optimization, and conduct the, to our knowledge, first-ever pub-

lished academic study using large web and social media data to study health

across all 54 nations in Africa. We highlight technical challenges that arise

in these settings, ranging from lack of access to ground-truth data and ade-

quate measurements of need or welfare to impossibility results around allo-

cation mechanisms satisfying certain fairness and efficiency criteria. Tackling

these problems, we examine the ways in which our techniques can combat dif-

ferent forms of disadvantage. Some examples which will be presented in this

thesis include susceptibility to income shocks, social segregation, and dispari-

ties in access to health information.

We discuss these results in the context of the relevant domains. In doing so,

we draw on insights from development, economics, global health, public policy,

science and technology studies (STS), and sociology. In addition to these above

results, in Part IV, we further provide a framework for roles that computing –

specifically algorithm design, machine learning, and mechanism design – can

play in fundamental social change and discuss ethical challenges.
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Blending these takeaways, we close with a discussion of an emerging re-

search area, Mechanism Design for Social Good (MD4SG), which uses techniques

from algorithms, optimization, and mechanism design, along with insights

from the social sciences and humanistic studies, to help improve access to op-

portunity for historically under-served and disadvantaged communities (Abebe

and Goldner, 2018a,b). We provide a menu of open directions from the MD4SG

research community in Part V.

The published version of the work presented in this thesis can be found

in Abebe et al. (2018, 2020a, 2019a); Abebe and Goldner (2018a); Abebe et al.

(2019b,c, 2020b). We begin by summarizing the main contributions of each of

the subsequent chapters:

1.1 Summary of Results

1.1.1 Societal Resource Allocations

In Part II, we study allocation problems that arise in many public sector settings.

We design and investigate optimization and mechanism design-based schemes

that can inform allocation of societal resources.

Optimization-Based Subsidy Allocations. In Chapter 4, we tackle the problem

of the multi-faceted nature of economic welfare. Assistance programs, such as

those targeting housing instability, can face challenges when they rely on sim-

pler measures of welfare such as income or wealth, since these fail to capture to

full complexity of families’ state. Informed by empirical work in public finance
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and sociology, we consider one important dimension – susceptibility to income

shocks. We introduce a model of welfare that incorporates income, wealth, and

income shocks. We analyze this model to show that it can vary, at times sub-

stantially, from measures of welfare that use only income and/or wealth.

We then study the algorithmic problem of optimally allocating subsidies in

the presence of income shocks. We consider two well-studied objectives: the

first aims to minimize the expected number of agents that fall below a given

welfare threshold (a min-sum objective) and the second aims to minimize the

likelihood that the most vulnerable agent falls below this threshold (a min-max

objective). We consider subsidies to agents’ income and wealth and give an ef-

ficient optimal allocation mechanism for the min-max objective under a general

setting. Likewise, we show that we can give an optimal allocation mechanism

for the min-sum objective under natural assumptions on the agents’ wealth and

shock distributions. Namely, we consider cases in which the agents have zero

wealth or those in which the shocks are drawn from an exponential distribu-

tion, and give polynomial-time algorithms for allocating subsidies for these set-

tings. Then, for the general case, we give a fully polynomial-time approximation

scheme (FPTAS) to optimize for the min-sum objective. We provide a discus-

sion of open questions related to these problems and societal implications of

such optimization-based allocation schemes. In Part V, we discuss further open

directions in settings where measurements of welfare are challenging and re-

sources may be scarce.

Mechanism Design for Allocations. The above problem considers allocation of

a homogeneous resource – such as subsidies – in a setting where the agents’ in-

come, wealth, and shock parameters are known. In certain allocation problems,
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however, different agents may have different preferences for the resources being

allocated. Examples include allocation of seats in public schools or public hous-

ing (Abdulkadiroğlu and Sönmez, 2003; Arnosti and Shi, 2018; Thakral, 2016;

Waldinger, 2017). Here, agents may have preferences by, for instance, location

of school, programs offered at schools, housing types, or amenities provided.

In these settings, we may need to solicit the agents’ preferences, but the agents

may strategically manipulate their preferences to improve their allocations. This

presents a key challenge in mechanism design, a field of economics and compu-

tation that concerns itself with the design of algorithms where inputs, such as

preferences, may be coming from strategic agents (Hartline, 2013; Nisan and

Ronen, 2001).

A fundamental problem in mechanism design is what is known as the house

allocation problem where a set of n agents need to be matched to a set of n het-

erogeneous, indivisible items (Hylland and Zeckhauser, 1979). This problem

appears in many public sector settings where families may need to be matched

one-to-one to a set of items, such as seats in public schools, houses or housing

resources, and other public goods. In Chapter 5, we introduce a mechanism that

truthfully elicits cardinal preferences from the agents and provides stronger per-

formance guarantees than several other mechanisms in this setting. Specifically,

we assume that each agent i has a value of vi, j for each item j, and these val-

ues are private information that the agents may misreport if doing so leads to a

preferred outcome. Ensuring that the agents have no incentive to misreport re-

quires a careful design of the matching mechanism, and mechanisms proposed

in the literature mitigate this issue by eliciting only the ordinal preferences of the

agents, i.e., their ranking of the items from most to least preferred. However,

the efficiency guarantees of these mechanisms are based only on weak measures
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that are oblivious to the underlying values.

Our mechanism truthfully elicits the full cardinal preferences of the agents,

i.e., all of the vi, j values. We evaluate the performance of this mechanism us-

ing the much more demanding Nash bargaining solution as a benchmark, and

we prove that our mechanism significantly outperforms all ordinal mechanisms

(even non-truthful ones). To prove our approximation bounds, we also study

the population monotonicity of the Nash bargaining solution in the context of

matching markets, providing both upper and lower bounds which are of in-

dependent interest. We close with a discussion of further open questions in

mechanism design and in Part V, we provide further matching-based questions

that can improve access to resources or information.

1.1.2 Improving Access to Information

Access to information is a major global concern. Focusing on health, for in-

stance, it is known that access to quality health information can play a crucial role

in mitigating the burden of diseases, reducing transmissions, and managing

infections. There are two key challenges in improving access to health informa-

tion. The first is finding high-quality data on the health information needs of

key populations; the second is, upon identifying these needs, targeting educa-

tion and information at these populations. In Part III, we tackle each of these

challenges.

Measuring Access to Information. In Chapter 7, we turn to the problem of

identifying health information needs of individuals in data-sparse regions, fo-

cusing on the African continent as a case study. The lack of comprehensive,
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high-quality health data in Africa creates a roadblock for combating disease.

Without understanding people’s everyday concerns, health organizations and

policymakers are less able to effectively target education and programming ef-

forts. In this chapter, we propose a bottom-up approach that uses search data

to gain insight into health information needs of individuals in Africa. We ana-

lyze Bing searches related to HIV/AIDS, malaria, and tuberculosis from all 54

African nations. For each disease, we automatically derive a set of common top-

ics, revealing a widespread interest in various types of information, including

disease symptoms, drugs, concerns about breastfeeding, as well as stigma, be-

liefs in natural cures, and other topics that may be difficult to uncover through

traditional surveys.

We expose the different patterns that emerge in health information needs by

demographic groups (age and gender) and country. Using finer-grained data,

we also uncover discrepancies in the quality of content returned by the search en-

gines to users by topic and highlight differences in user behavior and satisfac-

tion. Combined, our results suggest that search data can help illuminate health

information needs in Africa and inform discussions on health policy and tar-

geted education efforts, both on- and off-line. This is the first work to identify

specific health information needs in all 54 nations in Africa using large-scale ob-

servational data from the web. In Part V, we highlight further opportunities to

improve measurements of access to information for marginalized groups and

where such data-sources can help address data inequalities.

Network-Based Interventions. Networks have long been understood to play

a key role in the diffusion of information across populations, playing a signifi-

cant role in the welfare of all communities (Easley and Kleinberg, 2010; Rogers,
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1995). A popular phenomenon in social networks is word-of-mouth recommen-

dations, in which information spreads from one person to another, potentially

spreading across the full network (Domingos and Richardson, 2001; Kempe

et al., 2003; Richardson and Domingos, 2002). Influence maximization, the pro-

cess of selecting the most influential agents on a network in order to propagate

information across the full population, is one popular strategy which has been

employed in a variety of contexts including in health (Wakefield et al., 2003;

Yadav et al., 2016, 2017, 2018).

In traditional models for word-of-mouth recommendations, the objective

function has generally been based on reaching as many people as possible.

However, a number of studies have shown that the indiscriminate spread of

an innovation by word-of-mouth can result in overexposure, reaching people

who evaluate it negatively. For instance, empirical work has demonstrated that

targeting campaigns at populations that are not receptive to it (as with anti-

smoking or anti-drug campaigns such as DARE) can, in fact, increase the be-

havior the campaigns are designed to discourage (such as tobacco and alcohol

use) (Hamilton, 1997). We therefore ask, how should one make use of social in-

fluence when there is a risk of overexposure? In this Chapter 8, we develop and

analyze a theoretical model for this process; we show how this model captures

a number of qualitative phenomena associated with overexposure, and for the

main formulation of our model, we provide a polynomial-time algorithm to find

the optimal strategy. We also present simulations of the model on real network

topologies, quantifying the extent to which our optimal strategies outperform

natural baselines.

Diffusion of information on social networks is hampered by certain social
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processes, chief among which being homophily – the tendency for individuals to

form social ties to others who are similar to themselves. Homophily is one of

the most robust sociological principles, leading to patterns of linkage in social

networks that segregate people along many different demographic dimensions

(McPherson et al., 2001). This phenomenon, in turn, can result in inequalities in

access to information and opportunities by members of different demographic

groups (Avin et al., 2015; Calvo-Armengol et al., 2009; Calvo-Armengol and

Jackson, 2004; Dasaratha, 2017; DiMaggio and Garip, 2011; Easley and Klein-

berg, 2010; Stoica et al., 2018). As we consider potential interventions that

might alleviate the effects of network segregation, we face the challenge that

homophily constitutes a pervasive and organic force that is difficult to push

back against. The design of interventions can therefore benefit from identifying

counterbalancing natural processes in the network that might be harnessed to

work in opposition to segregation.

In Chapter 9, we show that, contrary to popular belief, triadic closure may

be one such process. Triadic closure — the process by which individuals are more

likely to form social ties with other individuals with whom they already share

ties – has long been believed to lead to further segregation in networks where

agents show homophily when they form links (Granovetter, 1977; Kossinets and

Watts, 2006; Rapoport, 1953; Stadtfeld, 2015; Tóth et al., 2019). The idea here is

that triadic closure gives further exposure to like-type individuals on a network

as any existing links are more likely to be between individuals that share a type.

In this chapter, we demonstrate the counterintuitive power for triadic closure to

reduce network segregation through analysis of several fundamental network

models. The models that we consider here exhibit an interplay between triadic

closure and homophily and are well-studied models in mathematics, computer
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science, and economics.

We leverage insights around triadic closure to discuss interventions based on

link recommendation that can help reduce network segregation. We show that

small nudges in the early stages of a network formation process can help move

the network into a more overall integrated state. In Part V, we present further

open directions related to networks, inequality, and access to information in

settings inspired by education, health, and labor markets.

1.1.3 Roles for Computing in Social Change

A growing body of computing research, including work presented in this the-

sis, aims to respond to social problems. But some scholars have argued that

such work may be counterproductive when it treats problematic features of the

status quo as fixed, and may fail to address deeper patterns of racial, social

and economic oppression. While acknowledging these critiques, we posit in

Part IV that computational research has valuable roles to play in addressing so-

cial problems — roles whose utility can be recognized even from a perspective

that aspires toward fundamental social change. We articulate four such roles,

through an analysis that considers the opportunities as well as the significant

risks inherent in such work. Computing research can serve as a diagnostic, help-

ing us to understand and measure social problems with precision and clarity.

As a formalizer, computing shapes how social problems are explicitly defined —

changing how the problems, and possible responses to them, are understood.

Computing serves as rebuttal when it illuminates the boundaries of what is pos-

sible through technical means. And computing acts as synecdoche when it makes
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long-standing social problems newly salient in the public eye. We offer these

paths forward as modalities that leverage the particular strengths of computa-

tional work in the service of social change, without over-claiming computing’s

capacity to solve social problems on its own.

1.1.4 Open Directions

We close with a discussion of an emerging research area– Mechanism Design for

Social Good (MD4SG) – which shares the research mission outlined in this thesis.

We provide open research directions covering domains ranging from allocating

housing and homelessness resources to improving access to opportunities in

developing nations and mitigating inequality in on- and off-line labor markets.

These research directions build on the work presented in this thesis as well as

presentations and discussions in the MD4SG research community.1 We present

these by domain, providing further examples of opportunities for computing

to play a role as an ally for broad social change. These directions are not in-

tended to be exclusive or exhaustive, but rather to provide a sample of potential

avenues for further exploration.

1The directions provided here are informed by articles, notes, and discussions within the
MD4SG community (Abebe et al., b; Abebe and Goldner, 2018a,b).
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CHAPTER 2

BACKGROUND AND RELATED WORK

2.1 Societal Resource Allocations

2.1.1 Optimization-Based Subsidy Allocations

The multi-faceted nature of economic welfare creates challenges for measuring

and analyzing it in a tractable manner (Atkinson, 2015; Grusky, 2018; Grusky

and Ku, 2008; Grusky and Weeden, 2016; Piketty, 2015; Sen, 1976; Sen et al.,

1997). A key point in this area has been to introduce measurements that account

for the complexity while preserving enough simplicity to inform policy and in-

terventions aimed at mitigating poverty and economic inequality. In Chapter 4,

we study one dimension in this space — the phenomenon of income shocks —

whose impact on economic welfare has been extensively documented through

a long line of empirical work.

Income shocks have been shown to have complex interactions with many

factors and have long-term and severe consequences for families including evic-

tion, significant drop in income, job loss, and poor health outcomes (Atake, 2018;

Björkman-Nyqvist, 2013; Desmond, 2012, 2015, 2016; Desmond and Gershen-

son, 2016; Desmond and Shollenberger, 2015; Dinkelman et al., 2008; Giesbert

and Schindler, 2012; Jarosch, 2015; Kijima et al., 2006; Kochar, 1995, 1999; Mello,

2018; Morduch, 1994; O’Flaherty, 2009; Shapiro et al., 2004). For a discussion on

the role of income shocks on the well-being of families in New York City, see

reports by the Poverty Tracker (Wimer et al., 2014a, 2016a, 2014b, 2016b; Lens

13



et al., 2016).

Despite these observations, shocks do not play a correspondingly central

role in many social assistance programs. In particular, in this chapter, we are

concerned with the problem of informing allocation of subsidies in the pres-

ence of income shocks. There is a long line of work in the study of household

consumptions and public economics that considers agent-level behavior in re-

sponse to subsidies and more broadly understanding consumption dynamics

(Aiyagari, 1994; Golosov et al., 2006; Kocherlakota, 2004) as well as optimal tax-

ation theory (Eaton and Rosen, 1980a,b,c; Farhi and Werning, 2013; Saez and

Stantcheva, 2018; Varian, 1980). The work presented in this chapter is informed

by this above area. We however take an algorithmic approach and study the in-

herent stochastic optimization problems at the heart of subsidy allocation with

shocks.

Our model is based on the framework of ruin probabilities from the litera-

ture on stochastic risk modeling (Asmussen and Albrecher, 2010). This work

also has close connections with stochastic control theory. There has been work

related to investment in risky assets by insurance companies seeking to min-

imize the probability of ruin (Azcue and Muler, 2009; Hipp and Plum, 2000;

Schmidli et al., 2002), but to our knowledge there has not been work looking at

our problem of allocating a fixed budget over multiple agents in order to change

premium flow or initial wealth.

The use of computational techniques to fairly and efficiently allocate societal

resources has a long history in the economics and computation literature. The

problem we address in studying subsidy allocations is loosely connected to the

fair division literature. For a survey on fair allocation, see Brams and Taylor
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(1996); Moulin (2003); Procaccia (2013); Procaccia and Moulin (2016); Robertson

and Webb (1998); Young (1995). Departing from this work, the item we consider

here is homogeneous. Moreover, rather than continuously improving all or a

subset of the agents’ welfare, we are concerned with ensuring that agents do

not fall below a certain threshold, but we cannot guarantee that they do not.

Our contribution can be viewed as belonging to an emerging style of work

that uses computational and optimization-based methods to inform assistance

programs aimed at improving access to opportunity for vulnerable populations

(Abebe and Goldner, 2018a,b). One recent instance studies allocating interven-

tions for homelessness services using a mixture of counterfactual reasoning and

mechanism design (Kube et al., 2018); another studies optimal allocation of fi-

nancial aid in US colleges based on students’ parental income (Findeisen and

Sachs, 2016). Relative to these recent papers, our work is the first that we are

aware of to take a computational approach to assistance in a setting where the

underlying optimization problem exhibits the type of rich stochastic dynamics

over time that characterizes our domain.

2.1.2 Mechanism Design for Allocations

The house allocation problem is a fundamental question in mechanism design,

tackling the question of how to assign a set of agents one-to-one to a set of het-

erogeneous items. Hylland and Zeckhauser (1979) study the problem of match-

ing with cardinal preferences and the solution of competitive equilibrium from

equal incomes (CEEI). CEEI gives both a natural cardinal notion of efficiency

and of fairness. Recently, Alaei et al. (2017) give a polynomial time algorithm
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for computing the CEEI in matching markets when there are a constant number

of distinct agent preferences. To our knowledge, the complexity of computing

CEEI in general matching problems is unknown. With linear preferences, but

without the unit-demand constraint, CEEI and Nash social welfare coincide and

can be computed in polynomial time. Devanur and Kannan (2008) generalize

this computational result to piecewise linear concave utilities when the number

of goods is constant.

Recently, Budish (2011) considers the generalization from matching to a com-

binatorial assignment problem where agents may have non-linear preferences

over bundles of goods, and shows that an approximate version of CEEI exists.

This work also shows that, in large markets, the mechanism that outputs this ap-

proximate CEEI is asymptotically truthful. Heuristics for computing the CEEI

outcome are given by Othman et al. (2010) and these heuristics have been de-

ployed for the course assignment problem by Budish et al. (2016). On the other

hand, Othman et al. (2016) show that the computation of CEEI in these combi-

natorial assignment problems is PPAD-hard.

The Nash social welfare objective of our work compares to competitive equi-

librium from equal incomes of the aforementioned works as follows: the two

objectives coincide for linear preferences without the matching constraint (Vazi-

rani, 2007), but with the matching constraint the concepts are not equivalent.

Both NSW and CEEI outcomes are Pareto efficient, but to our knowledge, in

matching markets, the agents’ utilities under the two criteria have not been di-

rectly compared. Contrasting with CEEI, for stochastic matchings, the NSW

outcomes can be calculated by a convex program, i.e., a program that opti-

mizes the product of utilities over the marginal probabilities given by a doubly-
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stochastic matrix, and is therefore computationally tractable.

A second line of literature considers ordinal mechanisms for one-sided

matching. The random serial dictatorship (RSD) mechanism has a long history

of practical application. Recently it has been used in applications such as hous-

ing and course allocation. Pathak and Sethuraman (2011) study the use of RSD

for school choice in New York City. RSD is truthful, ex post Pareto efficient, and

easy to implement (e.g., Abdulkadirolu and Sönmez, 1998). On the other hand,

RSD is neither ex ante Pareto efficient nor envy-free. To remedy this deficiency

of RSD, Bogomolnaia and Moulin (2001) developed the probabilistic serial (PS)

mechanism which, while not truthful, is ordinally efficient, envy-free, and easy

to implement. PS has been studied in various contexts ranging from school as-

signments to kidney matching and it is often contrasted with RSD. For example,

Pathak and Sethuraman (2011) show that students often obtain a more desirable

random assignment from PS than from RSD. Nonetheless, under a large mar-

ket assumption PS and RSD converge and the desirable properties of both are

attained (Kojima and Manea, 2010; Che and Kojima, 2010). More recent work

has also further studied and compared the performance of these two mecha-

nisms with respect to different metrics both theoretically and experimentally

(e.g., Aziz et al., 2016; Hosseini et al., 2018).

Several recent papers have considered approximation in one-sided match-

ing markets without money when agents have cardinal preferences. With cardi-

nal preferences, it is possible to consider the aggregate welfare of an allocation

as the sum of the expected utilities of each agent. For an aggregate notion of

welfare to make sense, the values of the agents need to be normalized. Two

common normalizations are unit-sum, which scales each agent’s values so that
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their sum is one, and unit-range, which scales and shifts each agent’s values so

that the minimum value is zero and the maximum value is one. Under either

of these normalizations, Filos-Ratsikas et al. (2014) show that randomized se-

rial dictatorship is an Θ(
√

n) approximation and that no algorithm for mapping

ordinal preferences to allocations is asymptotically better. Christodoulou et al.

(2016) consider the unit-sum normalization and show that the price of anarchy

of PS is Θ(
√

n) and that no mechanism, ordinal or cardinal, is asymptotically

better. Important comparison of these above results to ours are as follows: our

guarantees do not require a normalization of values. Our approximation guar-

antees are on per-agent utilities, not on the aggregate welfare which allows some

agents to be harmed if other agents benefit. We show that our randomized par-

tial improvement mechanism is asymptotically better than RSD in our per-agent

analysis framework by a factor of Ω(
√

n).

More recently, Immorlica et al. (2017) use a notion of approximate Pareto

efficiency to analyze the raffles mechanism in one-sided matching markets. This

efficiency measure provides per-agent approximation guarantees with respect

to the Pareto frontier. Our approximation measure can therefore be thought of

as a refinement where instead we compare the agent utilities to a specific highly

desired point on the Pareto frontier (the Nash bargaining solution). Instead of

eliciting the preferences of the agents, the raffles mechanism instead provides

the agents with tickets that they can allocate to items, and items are distributed

in proportion to the allocated tickets. As a result, this mechanism is not truthful,

but the main result shows that its Nash equilibria are e/(e − 1)-approximately

Pareto efficient, i.e., that there is no equilibrium where each agent’s utility is

increased by more than an e/(e − 1) factor.
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The mechanism introduced in Chapter 5 is based on the partial allocation (PA)

mechanism of Cole et al. (2013) that truthfully and approximately solves the

fair division of heterogeneous goods. A novel feature of the PA mechanism is

that a fraction of the fair allocation is withheld from individual agents in a way

that behaves, in the agents’ utilities, as payments that align the incentives of

the agents with the Nash social welfare objective. The fair division problem

is closely tied to the cake cutting literature, which originated in the social sci-

ences but has garnered interest from computer scientists and mathematicians

alike (Abebe et al., 2017; Brams and Taylor, 1996; Moulin, 2003; Robertson and

Webb, 1998; Young, 1995). The cake – a heterogeneous, divisible item – is repre-

sented by the interval [0, 1] and the agents have valuation functions assigning

each subinterval to a non-negative value. These valuations are also assumed to

be additive. Algorithmic challenges in cake cutting have recently attracted the

attention of computer scientists. A historical overview as well as notable results

in cake cutting can be found in surveys by Procaccia (2013) and Procaccia and

Moulin (2016). The cardinal matching problem we consider is closely related

to the cake cutting problem with piecewise uniform valuations since our agents

have linear preferences over items.

Random sampling techniques are now common in the literature on mecha-

nism design. They have been primarily developed for revenue maximization

problems where the seller lacks prior information on the agents’ preferences

(Hartline and Karlin, 2007). Our use of random sampling more closely resem-

bles the literature on redistribution mechanisms, where the designer aims to

maximize the consumer surplus and monetary transfers between agents are al-

lowed (Cavallo, 2006; Guo and Conitzer, 2007). An approach by Moulin (2009)

is to single out a random agent as the residual claimant, run an efficient mech-
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anism on the remaining agents, and pay the revenue generated by the mech-

anism to the residual claimant. Similarly, our mechanism randomly partitions

the agents into two groups and attempts to implement the PA mechanism on the

first group while using the items that would be reserved for the second group

to implement the first group’s outside option. Further connections between our

approach and redistribution mechanisms may be possible.

2.2 Improving Access to Information

2.2.1 Measuring Access to Information

Health information seeking behavior plays a key role in combating the burden

of diseases. Online behavior can provide an important lens, especially for stig-

matizing conditions (such as STIs), where off-line behavior may be harder to

collect (Fox and Duggan, 2013). Health information is central to disease con-

trol; for instance, HIV management requires extensive informational support to

maintain the well-being of those affected and their caretakers. However, there

is inadequate understanding of individuals’ health information seeking behav-

ior, disease knowledge, and perceptions for the three diseases of interest in this

paper (Chan and Tsai, 2018; Hogan and Palmer, 2005).

This lack of knowledge is especially prominent for individuals living in de-

veloping nations. There are relatively few studies, and existing studies are often

limited to specific subpopulations. For instance, Abimanyi-Ochom et al. (2017)

explore the HIV/AIDS knowledge, attitudes, and practices of Ugandan individ-

uals with disabilities. Similarly, Gombachika et al. (2013) set out to understand
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how couples living with HIV in Malawi obtain sources of information and re-

productive decisions. Studies covering all 54 nations in the continent have often

focused on aggregate health outcomes, such as quantifying the burden of dis-

eases by country, rather than health information consumption.

Search and other large-scale Web data have emerged as key for understand-

ing health patterns, health information consumption, and characterizing com-

munities facing certain health outcomes (Abebe et al., a; De Choudhury and De,

2014; Fox and Duggan, 2013; Sillence et al., 2007; Liu et al., 2013; Eysenbach and

Köhler, 2002; Spink et al., 2004; De Choudhury et al., 2014). Online health infor-

mation seeking behavior is known to be connected to off-line behavior and can

inform health policy (Fiksdal et al., 2014; Ling and Lee, 2016; Zheluk et al., 2013;

Ocampo et al., 2013; O’Grady, 2008). Search data is especially valuable as it

is real-time, detailed, relevant, and gives less-filtered insights into individuals’

health information needs (Eysenbach and Köhler, 2004).

Despite these findings, studies focusing on the use of search engines as a

medium for obtaining health information related to the three diseases have re-

mained small scale, often limited to surveys and focused on developed nations

(O’Grady, 2008; Hogan and Palmer, 2005; Shuyler and Knight, 2003). There is

need to understand individuals’ search behavior before attempting to target rel-

evant information to individuals whether on- or off-line (Fiksdal et al., 2014).

A closely related line of work to ours is surveillance and case finding, where

there is extensive work related to HIV/AIDS, malaria, and tuberculosis (Zhou

and Shen, 2010; Ocampo et al., 2013). This work shows promising results con-

necting on- and off-line behavior and suggests that search data can be valuable

as an information source for health. Similar work related to other diseases in-
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clude using search data for influenza outbreaks (Ginsberg et al., 2009; Polgreen

et al., 2008; Santillana et al., 2015; Yang et al., 2015; Yuan et al., 2013), dengue

fever (Althouse et al., 2011; Chan et al., 2011), norovirus outbreaks (Desai et al.,

2012), bacterial infections (CDC, 1998), and many other outbreaks (Brownstein

et al., 2009; Carneiro and Mylonakis, 2009; Hay et al., 2013; Rothman et al., 2008).

Health outcomes can vary drastically by demographics, especially in devel-

oping nations. Gender and age impact likelihood of being infected and ability to

obtain care and treatment. For instance, it is known that 61% of all sub-Saharan

individuals living with HIV are women, and women in the 15–24 age group are

three times more likely than men in the same age group to acquire HIV (WHO,

2009). Men are more likely to develop and die from tuberculosis (UNDP, 2015b).

Pregnant women are disproportionately impacted by malaria (UNDP, 2015a).

This variance extends to individuals’ knowledge about the diseases of in-

terest (Fransen-dos Santos, 2009). Young individuals are evaluated to have in-

comprehensive knowledge about these diseases, and young women especially

so (Stonbraker et al., 2017; WHO, 2009; Li et al., 2004; Kumar and Mmari, 2004;

Wang et al., 2008). At the same time, it is difficult to find large age and gender-

disaggregated data as they are not routinely collected or reported (UNDP,

2015a,b). This highlights a research gap and potential for computationally-

informed policy contributions for effective prevention, coverage, and treatment

of these diseases. In resource-constrained settings where funds must be allo-

cated strategically, it is especially prudent to take the varied needs of these

groups into account.
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2.2.2 Network-Based Interventions

Word-of-Mouth Recommendations

A popular phenomenon in social networks is word-of-mouth recommenda-

tions, in which information spreads from one person to another, potentially

spreading across the full network (Domingos and Richardson, 2001; Kempe

et al., 2003; Richardson and Domingos, 2002). Influence maximization, the pro-

cess of selecting the most influential agents on a network in order to propagate

information across the full population, is one popular strategy which has been

employed in a variety of contexts including in health (Wakefield et al., 2003;

Yadav et al., 2016, 2017, 2018). There has been some theoretical work showing

the counter-intuitive outcome where increased effort in influence maximization

results in a less successful spread. An example is Sela et al. (2016), where they

show that due to the separation of the infection and viral stage, there are cases

where an increased effort can result in a lower rate of spread. A related line

of work has made use of rich data sets on digital friend-to-friend recommen-

dations on e-commerce sites to analyze the flow of innovation recommenda-

tions through an underlying social network (Leskovec et al., 2007a). Further

work has experimentally explored influence strategies, with individuals either

immediately broadcasting their innovation adoption to their social network, or

selecting individuals to recommend the innovation to (Aral and Walker, 2011).

The consequences of negative reactions from agents on a network have been

analyzed in a range of different domains. In the introduction we noted examples

involving Groupon (Byers et al., 2012), book prizes (Kovcs and Sharkey, 2014),

and on-line media collections (Aizen et al., 2004). Although experimentally in-
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troduced negative ratings tend to be compensated for in later reviews, positive

reviews can lead to herding effects (Muchnik et al., 2013). There has also been

research seeking to quantify the economic impact of negative ratings, in contexts

ranging from seller reputations in on-line auctions (Bajari and Hortascu, 2004;

Resnick et al., 2006) to on-line product reviews (Pang and Lee, 2008). This work

has been consistent in ascribing non-trivial economic consequences to negative

impressions and their articulation through on-line ratings and reviews. Recent

work has also considered the rate at which social-media content receives “likes”

as a fraction of its total impressions, for quantifying a social media audience’s

response to cascading content (Rotabi et al., 2017).

The literature on pricing goods with network effects is another domain that

has developed models in which consumers are heterogeneous in their response

to diffusing content. The underlying models are different from what we pur-

sue in Chapter 8; a canonical structure in the literature on pricing with network

effects is a set of consumers with different levels of willingness to pay for a prod-

uct (Katz and Shapiro, 1985). This willingness to pay can change as the product

becomes more popular; a line of work has thus considered how a product with

network effects can be priced adaptively over time as it diffuses through the

network (Arthur et al., 2009; Hartline et al., 2008). The variation in willingness

to pay can be viewed as a type of “criticality,” with some consumers evaluating

products more strictly and others less strictly. But a key contrast with our work

is that highly critical individuals in these pricing models do not generally confer

a negative payoff when they refuse to purchase an item.
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Network Segregation and Inequality

Homophily is a robust and prevalent process impacting network formation

in many domains (Lazarsfeld et al., 1954; McPherson et al., 2001; Newman,

2002). There is a long line of theoretical and empirical work exploring the ef-

fect of homophily on network formation, ranging from observational studies on

large network data, to laboratory experiments, to analyses of theoretical mod-

els (Adamic and Glance, 2005; Dong et al., 2017; Goeree et al., 2009). A main

topic of focus has been the interaction between homophily and network segre-

gation. In theoretical work, Currarini et al. (2009); Henry et al. (2011) show that

segregated networks emerge due to homophily. In related work, Kim and Alt-

mann (2017) study the effect of homophily on the rich-get-richer phenomena.

Empirical work such as by Mayer and Puller (2008) has explored the effect of

homophily on integration in settings like college campuses. In related work to

ours, Bramoullé et al. (2012) adapt the Jackson-Rogers model to the case with

heterogeneous nodes. Their work primarily focuses on how each node’s like-

lihood to form links changes over time; in contrast, we consider a global mea-

surement of integration, using the fraction of bichromatic edges.

Triadic closure is another well-studied process in network formation dat-

ing back to the 1950s (Kossinets and Watts, 2006; Rapoport, 1953). While there

is a long line of work on the effect of triadic closure on network clustering,

the interplay between homophily and triadic closure remains under-explored.

In one tangentially related work, Altenburger and Ugander (2018) show that

monophily – the presence of individuals with preference for attributes unrelated

to their own – has a tendency to induce similarity among friends-of-friends. In

contrast, in our work, we study the relationship of homophily and triadic clo-
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sure. Nevertheless, some of the insights here complement ours.

Segregation in social networks can limit individuals’ ability to access to op-

portunities, leading to the creation or exacerbation of disparities across groups.

Research across various disciplines has modeled and measured the impact of

segregation on social welfare including its impacts on access to information,

economic development, educational outcomes, labor market outcomes, and so-

cial capital and support, (Banerjee et al., 2013; Calvo-Armengol and Jackson,

2004; Calvo-Armengol et al., 2009; Dasaratha, 2017; DiMaggio and Garip, 2011;

Eagle et al., 2010; Jackson et al., 2012; Banerjee et al., 2013). Recent work, such

as by Avin et al. (2015) has proposed and studied models that explain how in-

equality and disparities in access to opportunity arise in certain settings.

Our work has additional implications for network-based interventions both

in on- and off-line settings. For instance, it is well-known that biases that may

exist on online platforms such as Twitter and Task Rabbit may lead to inequali-

ties between groups leading inequalities between groups (Nilizadeh et al., 2016;

Hannák et al., 2017). These biases , amplified by recommendation algorithms,

can impact how networks grow and evolve creating an algorithmic glass ceil-

ing (Biega et al., 2018; Stoica et al., 2018; Su et al., 2016; Biega et al., 2018).

In recent years, there has been interest by researchers in fairness in recom-

mender systems concerning the effect of small nudges on the long-term health

of the platform such as by mitigating segregation, improving interactions, and

achieving other desirable societal objectives (Ekstrand and Willemsen, 2016;

Guy, 2015; Hutson et al., 2018; Knijnenburg et al., 2016; Schnabel et al., 2018;

Stoica et al., 2018; Su et al., 2016). These studies have shown that the platform

designer, by using small nudges when the user first joins, may be able to realize
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large gains over time. The intervention considered in Chapter 9 shows that in

settings where there is an underlying network structure governing interactions,

small interventions when a user first joins the platform may be further amplified

by triadic closure, resulting in a more integrated network over time. Such inter-

ventions mirror ones similar to dorm assignments with an eye to integration on

college campuses.
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Part II

Societal Resource Allocations
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CHAPTER 3

OVERVIEW OF PART II

In Part II, we discuss what role algorithms and mechanism design can play

in informing allocation of societal resources. We are specifically inspired by

settings where such resources may be scarce or where there is heterogeneity in

families’ or individuals’ need or desire for these resources.

As discussed in Chapter 1, the works presented here highlight two sets of

challenges: in the first section, we investigate the problem of modeling families’

welfare informed by empirical work. Specifically, in Chapter 4, we focus on

the question of modeling welfare when families are experiencing income shocks.

We use this model to pose a set of optimization-based questions for mitigating

undesirable outcomes such as likelihood of eviction. We present optimal and

near-optimal algorithms for allocating subsidies in a variety of general settings.

We further show that the structure of these solutions give further insight into

the nature of economic welfare and discuss their societal implications.

The allocation of resources – such as subsidies, low-income housing re-

sources, or seats in public schools – often pose technical challenges and give

rise to fundamental mathematical questions. One such question is the house al-

location problem where a set of individuals must be matched one-to-one to a set

of items (such as houses). In Chapter 5, we present a mechanism for this allo-

cation problem satisfying several desirable fairness and efficiency criteria that

were not previously simultaneously satisfied by a single mechanism. We pro-

vide theoretical and experimental evidence that this mechanism outperforms

several popular ordinal mechanisms used in this setting.

29



CHAPTER 4

SUBSIDY ALLOCATIONS IN THE PRESENCE OF INCOME SHOCKS

Understanding and measuring economic hardship is a fundamental ques-

tion that directly informs the design of policies and assistance programs aimed

at addressing the needs of vulnerable individuals and families (Alkire and Fos-

ter, 2011; Anand and Sen, 1997; Atkinson, 2003; Council et al., 2011; Yapa, 1996).

A crucial challenge in this activity is the range of factors that play a role in

poverty and economic hardship, including health, demographics, social ties, in-

tergenerational dynamics, and many other dimensions (Grusky, 2018; Grusky

and Ku, 2008; Grusky and Weeden, 2016).

Recent studies have sought to address the gap between official measures

of welfare and the more complex formulations that might be needed to accu-

rately identify the sources of greatest need. One active and ongoing effort is

the Poverty Tracker program (Lens et al., 2016; Wimer et al., 2014a, 2016a, 2014b,

2016b), which surveys approximately 2300 families in New York City and docu-

ments the intricate associations between their circumstances and levels of hard-

ship.1 As with other studies in this area, it is in part based on the premise that

we need to broaden our frameworks for quantifying economic well-being; the

researchers involved in the program write that,

...official ‘income only’ measurements of poverty ... painted a picture

that was too optimistic and didn’t capture the magnitude of disad-

vantage, nor the true struggles New Yorkers face in trying to make

ends meet (Wimer et al., 2014a).
1The Poverty Tracker study is based on surveys of families of all income levels across New

York City and is conducted by the Robin Hood Foundation and the Columbia University Pop-
ulation Research Center.
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So, what are the missing dimensions in these basic measurements?

Several additional components of economic hardship manifest themselves

through a common mechanism: unexpected and disruptive shocks to a fam-

ily’s economic state (Giesbert and Schindler, 2012; Kijima et al., 2006; Kochar,

1995; Morduch, 1994). Such shocks can be a result of an unexpected expense

(e.g., a parking ticket or a health bill caused by an accident), a delayed pay-

check or unexpected loss of a job, a dissolution or loss of a romantic or other

close personal relationship, interactions with the criminal justice system, and

many other experiences (Lens et al., 2016; Mello, 2018; Wimer et al., 2014a, 2016a,

2014b, 2016b). Income shocks are receiving increasing attention from social sci-

entists and policy-makers alike; summarizing a recent round of findings, the

Poverty Tracker analysis discussed above reports that “the most persistently

disadvantaged New Yorkers are beset by repeated shocks to their finances and

well-being” (Wimer et al., 2016a).

A crucial point is that families vary significantly in their ability to withstand

income shocks; while an unexpected bill might be a mere inconvenience for

some families, for other families, it can lead to eviction, poor health, loss of

a job, and other undesirable outcomes that may trigger or lock families into

persistent poverty (Atake, 2018; Björkman-Nyqvist, 2013; Desmond, 2012, 2015;

Desmond and Shollenberger, 2015; Desmond, 2016; Desmond and Gershenson,

2016; Dinkelman et al., 2008; Kochar, 1999; O’Flaherty, 2009). In many cases,

it is significantly more challenging to remedy the consequences of such expe-

riences than it is to prevent families from experiencing them in the first place.

For instance, a common consequence of inability to withstand income shocks

is eviction, which has been argued to be a leading cause of poverty (Desmond,
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2012, 2016). The Milwaukee Area Renters Study (MARS) shows that a recurring

reason why families fail to pay their bills month-to-month is inability to recover

from unexpected shocks in the form of an unexpected bill or a disruption to

their income flow.2 The disruption to families’ lives caused by eviction has been

extensively documented to negatively impact families’ well-being.

We thus return to the disconnect noted at the outset: despite the centrality of

shocks in hardship, they do not play a correspondingly central role in the evalu-

ations and decisions made by social assistance programs. For instance, standard

eligibility guidelines for housing assistance programs are based on income, ad-

justed for family size, or percentage of income spent on housing. Likewise,

other assistance programs such as the Supplemental Nutrition Assistance Pro-

gram (SNAP), Medicaid, and Low Income Home Energy Assistance Program

(LIHEAP) are based on income eligibility. Yet two families that look similar

under such measures may still differ significantly in their vulnerability if one

family experiences a significantly different profile of shocks.

There is thus a danger of misprioritization, if we are not taking into account

factors that we know to be crucial. What would it look like to incorporate in-

formation about shocks into disadvantage determinations, and how might it

inform decisions about assistance? There is a long line of work in the study of

household consumptions and public economics that considers agent-level be-

havior in response to subsidies and more broadly understanding consumption

dynamics (Aiyagari, 1994; Golosov et al., 2006; Kocherlakota, 2004) as well as

optimal taxation theory (Eaton and Rosen, 1980a,b,c; Farhi and Werning, 2013;

Saez and Stantcheva, 2018; Varian, 1980). The work presented here is informed

2The Milwaukee Area Renters Study is based on surveys administered by the University of
Wisconsin Survey Center of over 1000 low-income households who rented in the Milwaukee
private housing market in 2009-2011.
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by these areas. We however take an algorithmic approach and study the in-

herent stochastic optimization problems at the heart of subsidy allocation with

shocks.

Our Results

In this chapter, we develop a stylized model for the state of an agent (represent-

ing a family potentially in need of assistance) as they experience shocks over

time. We then use this model to formulate the problem of allocating subsidies

to agents, when the total amount of subsidy is constrained by a given budget.

One option for approaching this problem is to take into account only the income

of each agent. But, given that shocks can have a significant effect on families’

welfare, how should we incorporate information about shocks into the search

for allocations? And, how much can our allocation decisions change when we

use this information about shocks?

We focus on the algorithmic issues inherent in the stochastic optimization

problem at the heart of subsidy allocation with shocks. Our model is based on

the framework of ruin probabilities from the literature on stochastic risk model-

ing (Asmussen and Albrecher, 2010). We assume that each agent’s state is rep-

resented by a numerical reserve, corresponding to the current buffer they have

for absorbing shocks. An agent receives a flow of income continuously over

time, which increases their reserve, and at discrete points in time they can ex-

perience a shock, which abruptly decreases their reserve by a given amount.

When the reserve becomes negative (or more generally, drops below some des-

ignated threshold), the agent experiences a significant undesirable life event,
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such as eviction. We will refer to this as a state of ruin; since remedying the con-

sequences of such ruin events can be profoundly greater than preventing the

occurrence in the first place, we would like to keep such events from happen-

ing.

To help prevent agents from experiencing ruin, we assume that we have a

fixed set of funds that we can allocate across the set of agents. We consider mod-

els in which these funds can be used to supplement an agent’s rate of income

flow (via an income subsidy), or to directly supplement their initial wealth (via a

wealth subsidy), or both. For a set of different objective functions — for example,

to minimize the expected number of agents that experience ruin (min-sum ob-

jective) or to minimize the maximum ruin probability experienced by any agent

(min-max objective) — we study the problem of optimally allocating subsidies

to achieve this objective.

We obtain three sets of results for this problem:

• We obtain optimal allocation algorithms for the min-max objective in the

general setting.

• We present optimal allocation algorithms for the min-sum objective for

two natural special cases: first, when the initial wealth of each agent is

zero, and second, when the sizes of shocks are exponentially distributed.

• For the min-sum objective in the general setting, we give a fully

polynomial-time approximation scheme to the optimal solution.

Note that, for the last result, our approximation scheme works even for

shock distributions that have no compact representation, and are available to

us only in a “black-box” fashion.
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In the process, we obtain a number of insights into the structure of the prob-

lem. In particular, the efficient algorithms we obtain turn out to have a natural

structure based on priority orderings on the agents: roughly speaking, they order

the agents by a numerical measure of responsiveness to subsidy, and then begin

allocating subsidies in decreasing order of responsiveness. We believe that these

priority orderings are interesting objects in and of themselves: they provide a

natural way of quantifying how each agent would respond to assistance; and

since the orderings do not simply follow the sorted order of income or wealth re-

serve, they highlight the ways in which the presence of shocks ought to change

our reasoning about the allocation of assistance. Moreover, the optimal alloca-

tions also look quite different depending on whether we are providing income

subsidies or wealth subsidies, suggesting that the nature of the intervention can

have a significant effect on how we prioritize agents in need of help.

4.1 Allocating Wealth and Income Subsidies

We begin by specifying the theoretical model and problem formulation. The

model is based on the structure of ruin processes that are standardly used to rep-

resent risk in insurance markets (Asmussen and Albrecher, 2010); to make the

exposition self-contained, it is useful to describe our version of the model from

first principles. The optimization problems we study, based on interventions to

modify the ruin probabilities, are natural given the motivation in the previous

section, but less standard in the earlier literature as it is focused on insurance

markets rather than poverty-reduction. We describe these problems in the latter

part of the section, after first establishing the basic model.
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A Model of Income, Reserve, and Shocks. There are n agents; we can think of

each as representing a family that a planner would like to assist. Each agent i

has a net income ci per unit time, and an initial reserve ui. What we call (net)

income here can be thought of as the difference between the agent’s earned in-

come minus their expenses during each time period. Time runs continuously;

so, in the absence of shocks, agent i’s reserve after an amount of time t would be

ui + cit.

The shocks experienced by agent i operate as follows: shocks arrive at ran-

domly selected discrete points in time Ti1,Ti2, . . . with the gaps between them

Ti( j+1) − Ti j distributed independently according to some distribution Gi. Thus,

if a shock happens at some time T , we can imagine setting an independent ran-

dom “countdown timer” of length drawn from Gi; when this timer expires, the

next shock happens. When the jth shock happens, it has a size S i j drawn from a

shock-size distribution Fi, and S i j is subtracted from the agent’s current reserve.

For concreteness, unless stated otherwise, assume that the shocks arrive ac-

cording to a Poisson process, which has the structure described above, with the

gaps between consecutive shocks drawn from a distribution Gi that is exponen-

tially distributed with rate βi. The expected length of the gap between consec-

utive shocks is 1/βi; we can equivalently think of this as saying that there are βi

shocks per unit time in expectation. The use of an exponential distribution for

the gap between consecutive shocks yields the so-called Cramer-Lundberg model

from the theory of ruin processes (Asmussen and Albrecher, 2010). We note that

the use of the exponential distribution will be important for the special cases we

study; but our results on general distributions extend to an essentially arbitrary

gap distribution Gi.
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In summary, the agent’s reserve at time t, denoted Ri(t), is given by the equa-

tion

Ri(t) = ui + cit −
∑

j:Ti j≤t

S i j,

where the last term is simply the total size of all shocks that have arrived by

time t. (The number of shocks arriving by any finite time t is finite in the model

with probability 1.)

Ruin Probability. Our goal is to help agents keep their reserve from becoming

negative; if Ri(t) < 0 at any time t, then we say the agent has experienced ruin.

Let ψi be the probability that there exists a time t at which agent i experiences

ruin; since this is a function determined entirely by the agent’s income ci, initial

wealth ui, arrival rate of shocks βi, and shock-size distribution Fi, we can write

it as ψi = ψ(ci, ui, βi, Fi).

The qualitative behavior of the ruin probability ψi depends heavily on a pa-

rameter called drift, which captures the expected change per unit time in the

agent’s reserve. Specifically, if the expected value of the shock-size distribution

is µi, then the drift is equal to ci − βiµi. A standard result is that if the drift is

negative — so that the agent’s reserve is being pulled downwards in expecta-

tion — then the ruin probability ψi is equal to 1: the agent will be ruined almost

surely as t goes to infinity. On the other hand, if the drift is positive, there is

still a chance that agent can be ruined by shocks that are large and/or rapid

enough; but it can be shown that ψi < 1, so there is a positive probability that

the agent will never be ruined even as time runs to infinity (Asmussen and Al-

brecher, 2010). In the special cases we study, we focus on the case of positive

drift, where the agents might be able to avoid ruin on their own, but we would

like to help lower their ruin probabilities. When we move to the general case,
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we will allow both positive and negative drift.

Optimization. We now consider how to model the problem of providing assis-

tance to the agents. Let us first consider the case of income subsidies, in which we

have a budget B of funds, and we can choose to increase the income of agent i

by an amount xi, as long as the total amount
∑n

i=1 xi that is given out is at most

B. We would like to do this so as to reduce some objective function based on

the ruin probabilities of the agents. The choice of objective function reflects a

societal preference on which outcomes are most desirable; to be concrete, we

observe that two natural objectives are a min-sum formulation and a min-max

formulation.

In the min-sum formulation, each agent i has a weight wi representing the

social cost resulting from ruin to agent i. The differences in these weights —

corresponding to differences in social cost — may reflect the fact the loss of a job,

eviction, or other economic hardship can impact different families differently

(Desmond, 2012, 2016; Shapiro et al., 2004). These differences could come from

the dynamics or composition of the family; or the fact that some families might

have outside options – such as economically stable extended families or the

ability to take out loans – while for other families the ruin event might trigger a

cycle of poverty from which they cannot escape.

With these weights in place, the min-sum objective seeks to minimize the

weighted expected number of agents who experience ruin. In the notation we

have developed so far, the goal is then

min
x1+···+xn=B

n∑
i=1

wiψ(ci + xi, ui, βi, Fi),

where we observe that ψ(ci + xi, ui, βi, Fi) denotes the ruin probability of agent i
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after a subsidy of xi has been added to their income.

In contrast, the min-max formulation seeks to ensure that the worst ruin

probability experienced by any agent is as low as possible. Thus, the goal is

min
x1+···+xn=B

max
i=1,...,n

ψ(ci + xi, ui, βi, Fi).

These functions correspond to two well-studied societal objectives. Of course,

these are not the only two reasonable objective functions. Societal implications

in this choice are discussed in Section 4.5 and Part IV, where we more generally

discuss where and how this process of formalizing problems can serve as an

ally for desirable societal change.

Instead of an income subsidy, we could alternatively consider a wealth sub-

sidy: an amount zi is added to agent i’s initial wealth so as to reduce the ruin

probability. We can again formulate min-sum and min-max versions of the

problem with wealth subsidies; the only difference at the level of the notation

set-up is that the ruin probability of agent i with wealth subsidy zi is evalu-

ated as ψ(ci, ui + zi, βi, Fi). We can also study a mixed income and wealth sub-

sidy, in which there is a “conversion factor” k between money allocated for

wealth subsidies and income subsidies; the planner solving the optimization

problem can give income subsidy xi and wealth subsidy zi to agent i, provided

that
∑

i zi + k
∑

i xi ≤ B. Note that although a wealth subsidy is implemented as a

one-time allotment while an income subsidy is paid out over time, it is natural

to convert between them if we take the standard interpretation of income sub-

sidies as coming from a fixed endowment that grows geometrically to support

a fixed rate of payout.

Overview of Main Questions. As discussed, assistance programs generally
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do not take shocks into account, and instead use some function of income or

reserve. Our model allows us a natural way to incorporate shocks into deci-

sions about allocating assistance. We therefore set out to answer the following

questions: first, are there efficient algorithms to optimize the objective functions

based on the min-sum and min-max formulations of assistance described in this

section? For this question, as noted in the introduction, we give efficient algo-

rithms in the general setting for the min-max objective and for some natural

special cases for the min-sum objective. The algorithms in these cases are based

on priority orderings of the agents by need, based on explicit functions of their

income, initial wealth, shock rate, and shock-size distribution. For the general

case, we give a fully polynomial-time approximation scheme for the min-sum

objective.

Given the ordering structure inherent in these solutions, we also ask how dif-

ferent these orderings are from simple sortings of the agents by income, initial

wealth, or even ruin probability. We show that the optimal priority orderings

can be different from all of these; and in fact, in some examples, they can be the

exact reverse of each these simpler orderings. Additionally, the optimal priority

ordering for income subsidies can, in some cases, be the exact reverse of the op-

timal priority ordering for wealth subsidies. That is, the strategy one should use

when income subsidies are the planned intervention may be very different from

the strategy one should use with wealth subsidies. We now turn our attention

to a special case of our problem.
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4.2 Agents with Zero Initial Wealth

We would like to characterize subsidies that either minimize the weighted ex-

pected number of agents who experience ruin (the min-sum objective) or the

largest ruin probability of any agent (the min-max objective). We consider this

first for the fundamental case of agents who have no initial wealth. This is a

natural instance of the problem to explore given that the empirical and policy

work in these domains generally focuses on instances where individuals have

almost no existing buffer against ruin. Assuming an initial wealth equal to 0 is

an abstraction of this challenging case.

As before, each agent i is characterized by an income ci, an initial wealth ui,

which is equal to 0 in the present case, and shocks that arrive according to a

Poisson process of rate βi, and with sizes drawn from a distribution Fi. We are

interested in the probability that agent i will experience eventual ruin; this is

given by ψi = ψ(ci, 0, βi, Fi).

As is standard in the theory of ruin processes, we will make the following

mild assumption about the shock-size distribution Fi throughout the section —

that if we let Zt denote the random variable equal to the total size of all shocks

occurring between times 0 and t, then the quantity Zt/t (the average amount

of shock per unit time) converges to a constant limit with probability 1 (As-

mussen and Albrecher, 2010). This condition is satisfied whenever the shock-

size/shock-arrival distributions have finite mean and variance, and therefore

essentially all distributions we might wish to consider.

A fundamental result in the theory of ruin processes is that when the initial

wealth is 0, the ruin probability ψi depends on the shock-size distribution Fi
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only through its mean value µi: if Fi and F′i are shock-size distributions with the

same means, then ψ(ci, 0, βi, Fi) = ψ(ci, 0, βi, F′i ) (Asmussen and Albrecher, 2010).

Thus, in a mild extension of our notation, we will write ψ(ci, 0, βi, µi) to stand in

for ψ(ci, 0, βi, Fi), when µi is the mean of Fi. Moreover, the ruin probability has a

particular clean functional form given by

ψ(ci, 0, βi, µi) =
βiµi

ci
. (4.1)

Here, we will focus on income subsidies: we would like to assign an income

subsidy xi to each agent i, thus reducing their ruin probability from βiµi
ci

to βiµi
ci+xi

,

in such a way that the sum of the xi is constrained by the overall budget B.

To analyze this process in terms of the min-max and min-sum objectives,

it is useful to formulate the underlying optimization problem more abstractly.

This abstraction will be useful for other special cases we consider as well as the

generalized version of our problem. We do this next, before returning to the

application for agents with zero initial wealth.

4.2.1 An Abstract Formulation

There is an abstract optimization problem that will provide a useful unifying

description for the current problem and several of the subsequent ones we con-

sider. The problem and its solution are related to “water-filling algorithms”

from the theory of convex minimization (Alaei et al., 2012; Boyd and Vanden-

berghe, 2004); we describe it here because the form of the solution provides an

important structural insight for our domain — that the optimal allocation of

subsidies in each case is based on a priority ordering of the agents. We first de-
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scribe this abstract problem and its solution, and then we show how it applies

to agents with zero initial wealth. Our problem is as follows:

(∗) We have functions f1, . . . , fn. Each fi is a continuous function of a single

real-variable that is positive and strictly decreasing: if x < z then fi(x) >

fi(z). We would like to find non-negative real numbers x1, . . . , xn so that∑n
i=1 xi = B and maxi fi(xi) is minimized.

Intuitively, if we think of fi as the ruin probability of agent i when given income

subsidy xi, we see that the min-max objective is a direct special case of Problem

(∗). But, as we will see later in the section, this formulation will allow us to solve

the min-sum objective as well.

It is useful to first discuss the special case of Problem (∗) when all fi(0) are

the same.

Lemma 1. If fi(0) = f j(0) for all i and j, then there is a unique vector x∗ = (x∗1, . . . , x
∗
n)

with the property that
∑

i x∗i = B and fi(x∗i ) = f j(x∗j) for all i and j. Moreover, x∗

uniquely optimizes Problem (∗) in this case.

Proof. First, since maxi fi(xi) is a continuous function on the compact set defined

by
∑

i xi = B and xi ≥ 0 for all i, it achieves its minimum at some vector x∗ =

(x∗1, . . . , x
∗
n).

Let q be the common value of all fi(0). We observe that the optimal value of

maxi fi(xi) must be strictly less than q, since setting xi = B/n satisfies maxi fi(xi) <

q by the strict decreasing property of all fi. Thus, we must have x∗i > 0 for all i,

since otherwise would have maxi fi(x∗i ) = q, contradicting the optimality of x∗.
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We claim that x∗ satisfies the desired condition fi(x∗i ) = f j(x∗j) for all i and j.

For, if not, let S be the set of indices i for which fi(x∗i ) is maximal. Since we do

not have fi(x∗i ) = f j(x∗j) for all i and j, there is some index h that does not belong

to S . But now, by the continuity and strict decreasing property of the functions

fi, we can choose a sufficiently small ε > 0, increase x∗i by ε for each i ∈ S , and

(since x∗h > 0) decrease x∗h by ε|S |, so as to reduce the value of maxi fi(xi). This

contradiction shows that we must have fi(x∗i ) = f j(x∗j) for all i and j.

To show uniqueness, suppose there were two distinct vectors x∗ and z∗ that

both satisfied the equality fi(x∗i ) = f j(x∗j) and fi(z∗i ) = f j(z∗j) for all i, j. Then, for

some i, we must have x∗i , z∗i ; suppose (by symmetry) that x∗i > z∗i . Since fi is

strictly decreasing, it follows that fi(x∗i ) < fi(z∗i ). Now, since all f j are strictly

decreasing, we would then have f j(x∗j) < f j(z∗j) for all j, from which it follows

that x∗j > z∗j for all j. But, this contradicts the assumption that both
∑

i x∗i and∑
i z∗i are equal to B. �

Building on this special case, we would like to study the behavior of the

following priority algorithm for solving Problem (∗). First, we index the func-

tions so that f1(0) ≥ f2(0) ≥ · · · ≥ fn(0); that is, if i ≤ j, then fi(0) ≥ f j(0). The

algorithm is then easy to describe informally: we increase x1 continuously un-

til f1(x1) matches f2(0); we then continuously increase both x1 and x2 simulta-

neously, keeping the values of f1(x1) and f2(x2) equal to each other, until they

both match f3(0); we then continuously increase x1, x2, x3 simultaneously, keep-

ing their values equal to each other, until they all match f4(0); and, we proceed

in this way until we reach the budget B.

We can describe the algorithm more formally as follows:
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• For each i ≤ j, we find the value δi j such that fi(δi j) = f j(0): that is, the

input we can provide to fi if we want to reduce its value to f j(0). Since

each function is strictly decreasing, there is a unique such δi j.

• We now find the maximum j such that
∑

i< j δi j ≤ B. Let m be this value of

j; note that m ≥ 1. (For notational simplicity, we define δmm = 0.)

• We are now at a value of m such that if we tried to increase each of x1, . . . , xm

so that fi(xi) = fm+1(0), we would exceed our budget B.

• If
∑

i<m δim = B, then we declare this to be our solution: we set xi = δim for

i < m, and xi = 0 for i ≥ m.

• Otherwise, if
∑

i<m δim = C < B, then we apply Lemma 1 as follows. We

define a function gi(zi) = fi(δim + zi) for i ≤ m, and then we apply Lemma

1 to the functions g1, . . . , gm with budget B − C. This produces a unique

vector z∗ = (z∗1, . . . , z
∗
m). As our solution, we report xi = δim + z∗i for i ≤ m, and

xi = 0 for i > m.

We think of this as a priority algorithm because it arrives at a solution by increas-

ing the values of xi in a natural priority ordering: first just x1, then both x1 and

x2 simultaneously, and so forth.

We now establish the basic properties of the solution returned by this prior-

ity algorithm.

Theorem 2. Let x∗ = (x∗1, . . . , x
∗
n) be the solution returned by the priority algorithm.

Then x∗ is the unique vector that minimizes the objective function maxi fi(xi), and it is

also the unique vector satisfying the following property:

(†) (i) If xi and x j are both positive, then fi(xi) = f j(x j); and (ii) if xi > 0 but

x j = 0, then fi(xi) ≥ f j(x j).
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Proof. Let f ∗ = maxi fi(x∗i ). If v = (v1, . . . , vn) is any vector whose coordinates sum

to B but is not equal to x∗, then we have vi < x∗i for some index i. Let m be

the index computed by the priority algorithm. The vector x∗ only has positive

coordinates for indices h ≤ m, and fh(x∗h) = f ∗ for all such indices. Since fi is

strictly decreasing, we thus have fi(vi) > fi(x∗i ) = f ∗, and hence v cannot be

optimal. Thus, x∗ is the unique vector that minimizes the objective function.

It must also hold that v j > x∗j for some index j. Then, f j(v j) < f ∗. Since x∗ is

optimal, there must also be an index i for which fi(vi) ≥ f ∗. Either vi > 0, which

violates part (i) of (†), or vi = 0, which violates part (ii) of (†). Thus, x∗ is the

unique vector that satisfies (†). �

4.2.2 The Case of Zero Initial Wealth

We now return to our motivating question — how to optimally allocate income

subsidies to agents with zero initial wealth. As before, the ruin probability of

agent i, with income ci and shocks of arrival rate βi and mean size µi, is given by

ψ(ci, 0, βi, µi) =
βiµi
ci

.

For the min-max objective, we can directly apply the priority algorithm de-

veloped for the formulation in the preceding subsection. We define fi(xi) =

ψ(ci + xi, 0, βi, µi) =
βiµi

ci+xi
, and we find a subsidy to minimize maxi fi(xi). The pri-

ority ordering used by the algorithm in this case is the ruin probability itself,

fi(0) = ψ(ci, 0, βi, µi).

For the min-sum objective, we will also be able to use the abstract formula-

tion as follows. Let the objective function in the min-sum case by denoted by a
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function φ where

φ(x1, . . . , xn) =

n∑
i=1

wiψ(ci + xi, 0, βi, µi).

Using Equation 4.1, we can restate this to be

φ(x1, . . . , xn) =
∑

i

wi
βiµi

ci + xi
.

We now take the partial derivative of φ with respect to xi to get

∂φ

∂xi
= −

wiβiµi

(ci + xi)2 . (4.2)

We see that φ is strictly convex by taking the second partial derivative with

respect to xi

∂2φ

∂2xi
=

2wiβiµi

(ci + xi)3 ,

which is strictly positive for all xi ≥ 0.

Because of the strict convexity, φ has a unique local (and hence also global)

minimum over the set defined by xi ≥ 0 and
∑

i xi = B. We can characterize

it using the priority algorithm from our abstract formulation as follows: we

define fi(xi) = −
∂φ

∂xi
, and we find the x∗ = (x∗1, . . . , x

∗
n) that minimizes maxi fi(xi). By

Theorem 2, the resulting point x∗ has the property that ∂φ

∂xi
=

∂φ

∂x j
whenever both

xi and x j are positive, and ∂φ

∂xi
≤

∂φ

∂x j
when xi > 0 and x j = 0. (Recall that the partial

derivatives are all negative, so fi in our application of the abstract formulation

is the negative of the corresponding partial derivative.) This implies that x∗

is a local minimum for φ and thus, by strict convexity, it is the unique global

minimum.

By using the priority algorithm and Theorem 2, we see that the choice of

agents to assist with subsidies in the min-sum case proceeds via a priority rule,
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but one that is based neither on income nor on ruin probability. Rather, the

priority given to agents is based on ∂φ

∂xi
evaluated at 0

fi(0) =
wiβiµi

c2
i

.

Interestingly, since the ruin probability is βiµi
ci

, it follows that the priority is, in

fact, the product of three terms: the agent’s weight, their ruin probability, and

the reciprocal of their income.

4.2.3 Contrasting Prioritizations and Efficiency Loss

For both the min-max and min-sum objectives, we have seen a way to optimally

allocate income subsidies in settings where agents have no initial wealth. Note

that these results hold for any general distribution from which the shocks may

be drawn and only require the mean size of the distribution. Another key take-

away is that these algorithms inherently propose a priority ordering of the agents

by need for the given objective. We can therefore ask: how different can these

orderings be from one another? What about the ordering that simply uses the

agents’ income?

The three priority orderings under consideration are:

(I) By income (c1, c2, . . . , cn), where ci ≤ c j if and only if i < j.

(II) By ruin probability (ψ1, ψ2, . . . , ψn), where ψi ≥ ψ j if and only if i < j used

for the min-max objective.

(III) By the priority ordering ∂φ

∂xi
used for the min-sum objective.

48



We investigate how different priority orderings (I), (II), and (III) can be from

one another. Since the weights wi used in the min-sum objective are a potential

source of difference in these orderings for reasons independent of any of the

other parameters, it is most interesting for the purposes of this question to con-

sider the case in which these weights do not play a role; thus, we assume for

this discussion that we have unit weights, with wi = 1 for all agents i.

Lemma 3. For any pair of orderings given by (I) income, (II) ruin probability, or (III)

our solution given by Equation 4.2, there exist instances on which they are reverses of

one another.

Proof. For notational convenience, we first set ri = βiµi. This value corresponds

to the total amount of shock experienced per unit time. Therefore, the probabil-

ity of ruin is ψi(ci, 0, βi, µi) = ri/ci and

∂φ

∂xi
=

−ri

(ci + xi)2 .

We assume that we have agents with parameters:

((c1, r2), (c2, r2), . . . , (cn, rn)) .

Consider a set of n agents labeled i = (1, 2, . . . , n) with income ci = 1 + iε for some

ε > 0. The shock volume ri is chosen to equal (0.5 + 4iε)2. The priority ordering

by income in this setting is (1, 2, . . . , n). On the other hand, the priority ordering

by ∂φ

∂xi
would rank the agents in increasing order of

−
ri

c2
i

= −
(0.5 + 4iε)2

(1 + iε)2 .

This quantity decreases as i increases. Therefore, the priority ordering given

by the optimal solution for the min-sum objective is the reverse of the priority

ordering by the agents’ income.
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This example also gives us a case where the priority ordering by income is

the reverse of the priority ordering by ruin probability. In particular, the ruin

probability is given by
ri

ci
=

(0.5 + 4iε)2

(1 + iε)
.

This value increases as i increases.

Finally, to note that the priority orderings given by (II) the ruin probability

and (III) the optimal solution for the min-sum objective can the reverse of one

another, we construct an example as follows: keep ri to be the same as above,

but let ci = 1 + 4iε. Then, the probability of ruin will be

ri

ci
=

(0.5 + 4iε)2

(1 + 4iε)
,

which is, again, increasing in i. On the other hand, the ∂φ

∂xi
values are

−
ri

c2
i

= −
(0.5 + 4iε)2

(1 + 4iε)2 ,

which decreases as i increases. Therefore, the priority orderings given by the

ruin probability and the optimal solution for the min-sum objective can be re-

verses of one another. �

On the other hand, there are some dependencies among the priority order-

ings. One natural one follows by observing that if reciprocal income and prob-

ability of ruin determine the same priority ordering, then since the priority for

the min-sum objective ∂φ

∂xi
is the product of these two numbers, it too must follow

the same ordering. (Note, again, that we assume unit weights here.)

Corollary 4. If the priority orderings by income and the ruin probabilities are

the same, then the priority ordering given by the optimal solution for the min-

sum objective (with unit weights) will also be the same.
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These above examples show that the order in which we assist families are

impacted by:

• the input that we take into account: i.e., do we only use agents’ income or

do we also incorporate information about shocks?

• the objective function: i.e., are we optimizing for a min-sum or a min-max

objective?

These can have drastically different policy implications, which we will build on

in the following section.

Given these observations, it is natural to ask what the potential cost of using

a more naive prioritization scheme would be, and we find that it can be high.

Namely, we find that there can be a gap of Ω(
√

n) comparing our solution with

both income and ruin probability.

Example 5. Suppose we have three types of agents A, B, and C, and all agents

have βi = 1, ui = 0. We describe each of the three types of agents below:

A: Each agent has µi = m and c = 11
10m. There are m agents of this type.

B: This is one agent with µ = m3 and c = m3.

C: Each agent has µi = 0 and ci = 1. There are m2 agents of this type.

The ruin probabilities for agents of type A, B, and C are 10/11, 1, and 0, re-

spectively, and there are a total of m2 + m + 1 agents. The expected number of

agents experiencing ruin is 10m
11 + 1.

Suppose the designer has a budget of 1
10m3. We consider the three types of

priority orderings:
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I: A priority ordering by income would focus on type C agents. We divide

up our budget evenly, and each agent would receive an income subsidy

of m/10. Since these agents already had ruin probability 0, the expected

number of agents experiencing ruin remains unchanged.

II: Next, we consider prioritizing the agents by ruin probability. In this case,

we would give our entire budget to the agent of type B, reducing their

ruin probability to 10/11. In this case, the expected number of agents ex-

periencing ruin is still Θ(m).

III: Finally, we consider our solution: we would prioritize agents of type A,

dividing up our budget evenly among the agents. In this case, the ruin

probability of each agent in A is reduced to O(1/m), and so the expected

number of agents experiencing ruin is O(1).

We therefore have a gap of Ω(m) between our solution and both the priority

orderings that use income or ruin probability. Since there are n = Θ(m2) agents,

the gap is proportional to the square root of the number of agents.

4.3 Non-zero Wealth: The Exponential Case

The case of non-zero wealth becomes much more complex in general; for ex-

ample, we do not have closed-form expressions for the ruin probability with

general distributions as we do for the case of zero wealth. To get a sense for the

properties of non-zero wealth in a setting that has complex behavior but still ex-

hibits closed-form solutions, we consider the case when shocks are drawn from

an exponential distribution Fi: the probability that a shock has size exceeding x

is given by e−δx for a parameter δ > 0, resulting in a mean shock size of 1/δ. By
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studying this special case, we highlight counter-intuitive results showing non-

monotonicity of agent’s welfare in the various parameters of interest as well as

rich examples where priority orderings by income, wealth, and our solutions

for optimal income and wealth subsidy can vary substantially.3

Specifically, suppose an agent has income ci, initial wealth ui, and experi-

ences shocks at rate βi with a size distribution that is exponential with mean

1/δi; then a result from the theory of ruin processes (Asmussen and Albrecher,

2010) shows that the ruin probability is

ψ(ci, ui, βi, Fi) =
βi

ciδi
e
(
βi
ci
−δi

)
ui . (4.3)

Since the distribution Fi is fully characterized by the parameter δi, we will also

write this as ψ(ci, ui, βi, δi).

We consider both wealth and income subsidies, as well as subsidies that

can combine contributions to both wealth and income. A wealth subsidy of

zi reduces the ruin probability from ψ(ci, ui, βi, δi) to ψ(ci, ui + zi, βi, δi). For the

min-max objective, we can proceed exactly as in the previous section, applying

the priority algorithm from Section 4.2.1 using the functions fi(zi) = ψ(ci, ui +

zi, βi, δi), and hence ordering agents by their ruin probabilities. For the min-sum

objective, we can take the partial derivatives to define a priority ordering for

the algorithm according to the framework of Section 4.2.1. The solution for the

income subsidy proceeds in a similar fashion: again, using the ruin probabilities

for the min-max objective and the partial derivatives of ψ(ci + xi, ui, βi, µi) for the

min-sum objective.

We finally consider the case where the planner can give a mix of income and

wealth subsidies. We assume that each unit of income subsidy counts toward
3Missing proofs and further details in this section can be found in Appendix A.1.
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the budget at a factor of k times the contribution of each unit of wealth subsidy.

So, we have a total budget of Bu + kBc = B, where Bc is the total income subsidy

and Bu is the total wealth subsidy allocated. In the appendix, we show that

the optimal solution here directly applies the above solutions for income and

wealth subsidy. Note that although a wealth subsidy is implemented as a one-

time allotment while an income subsidy is paid out over time, it is natural to

convert between them if we take the standard interpretation of income subsidies

as coming from a fixed endowment that grows geometrically to support a fixed

rate of payout.

4.3.1 Properties of Subsidies

The solutions outlined above and in the corresponding appendix section pro-

vide a number of different priority orderings, depending on the objective func-

tion and the nature of the subsidy (e.g., income subsidy or wealth wealth). Since

these orderings impact which agents will receive subsidies first, it is natural to

ask what the relationships among these priority orderings might be. For similar

reasons as in the case with no initial wealth, we again set the weights wi to be 1.

The discussions to establish these results below as well as discussions around

monotonicity can be found in Appendix A.1.

The min-max objective orders the agents by the probability of ruin. We first

show that this ordering can be the reverse of the ordering given by income or

wealth.

Lemma 6. The priority ordering given by ruin probability (and likewise the wealth

subsidy solution) can be the reverse of the priority ordering given by income and wealth,
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even when the priority ordering by income and wealth agree.

Using the case when the agents’ wealth is zero, we have shown that the

priority ordering by ruin probability can be the reverse of the ordering given by

the income subsidy solution. We can show a similar inversion with the wealth

subsidy and the ruin probability using the case where shocks are drawn from

an exponential distribution. In fact, we find that a stronger result holds.

Lemma 7. The priority ordering given by the ruin probability can be the reverse of the

priority ordering given by the optimal solution for income subsidy and wealth subsidy,

even when the latter two coincide.

A distinct question, and one whose answer is not a priori clear, is whether

the priority orderings for income and wealth subsidies must be the same. We

see that they are, in fact, not, indicating that which agents we prioritize depends

on the kind of subsidy that is being allocated by the planner.

Lemma 8. The priority ordering given by the optimal solution for income subsidy can

be the reverse of the priority ordering given by the optimal solution for the wealth sub-

sidy.

This above result adds a key observation to the previous section. Namely,

the order in which we assist families is impacted not only by the parameters

that we take into account and the objective function but also by the type of

intervention; a family that may be last in line to receive assistance under one

intervention may be first under another.4

4These observations, we believe, are of independent interest and we discuss some of the
implications in the discussion section as well as the Part IV on the roles for computing in social
change.
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Monotonicity Properties. These contrasting prioritizations surface a natural

question about whether the quantities we are considering — ruin probability,

optimal income subsidy value, optimal wealth subsidy value — are monotone

in an agent’s parameters. It is easy to note that the ruin probability exhibits

monotonicity in all the parameters ci, ui, βi, and δi. That is, holding all other

variables constant, if an agent’s income or wealth is lower, or they experience

more frequent or larger shocks, then the ruin probability increases. However,

we find that this is not the case for the optimal income and wealth subsidy

values, which are only monotone in (complementary) subsets of the parameters.

The table below contains a summary of these results, where “yes” indicates that

the priority ordering given by the row is monotone in the parameter given by

the column and “no” indicates that it is not. Recall again that the priority given

by the ruin probability is one given by the optimal solution for income or wealth

subsidies for the min-max objective.

Type c u β δ

Wealth subsidy: min-sum no yes no no
Income subsidy: min-sum yes no yes yes
Ruin probability yes yes yes yes

Table 4.1: Monotonicity results for income and wealth subsidies for min-max
and min-sum by each of the four parameters: ci, ui, βi, δi. Entries “yes” indicate
that the subsidy is monotone in the corresponding parameter and “no” indicates
that it is not. Both the income and wealth subsidies use the ruin probability as
the agents’ priority ordering for the optimal solution for the min-max objective.

Therefore, for instance, a family i may go up in our priority ordering if we

fix ui, βi, and δi, but their income increases for the min-sum objective where the

designer is providing a wealth subsidy. This, however, is not possible for the

min-sum objective under income subsidy or for the min-max objective under

either subsidy scheme.
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4.4 Non-zero Wealth: General Distributions

The previous sections characterize optimal subsidies when all agents have pos-

itive drift, together with either zero initial wealth or shock distributions satis-

fying a specific functional form. We now consider the case of general shock

distributions, arbitrary initial wealth, and arbitrary drift. This section contains

three results:

• Lemma 9: a polynomial-time algorithm for the min-max objective when

agents have arbitrary shock distributions, initial wealth, and drift.

• Theorem 10 (main result): a Fully Polynomial-Time Approximation

Scheme (FPTAS) for the min-sum objective when agents have arbitrary

shock distributions, initial wealth, and drift.

• Proposition 11: a proof that the min-sum objective is (weakly) NP-hard in

general, implying that we should not expect better than an FPTAS without

further assumptions on the problem.

4.4.1 Min-Max via Binary Search

We first show how to allocate income subsidies so as to optimize the min-max

objective. Intuitively, our algorithm looks like a binary search for the optimal

min-max value X. For each potential guess p of X, we just need to see, for each

agent, how much income subsidy is required to achieve a ruin probability p. If

the sum of these subsidies exceeds B, then it is infeasible to have min-max value

p. Otherwise, it is feasible. So, we can repeatedly guess p in binary search and

converge quickly to the optimum. Lemma 9 essentially formalizes this intuition
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while being careful about the cost of certain operations. For example, through-

out this section, we will assume for simplicity of exposition that ψ−1
u,β,F(·) can be

computed in O(1) operations, where ψu,β,F(c) = ψ(c, u, β, F) (that is, the minimum

x such that ψ(x, u, β, F) ≤ p can be computed in O(1) operations for all p). We

briefly discuss at the end of this section ways in which this assumption can be

relaxed.

Below, we seek to allocate income subsidies x1, . . . , xn with
∑

i xi = B such that

agent i receives subsidy xi in a way that minimizes maxi{ψ(ci + xi, ui, βi, Fi)}.

Lemma 9. Let X denote the optimum value for the min-max objective for any given

instance. Then, for any δ > 0, a solution with min-max value X + δ can be found in

time polynomial(n, log(1/δ)).

Proof. The algorithm is based on binary search. We first need a subroutine to

check, for a given value p, whether it is feasible to subsidize all agents to prob-

ability of ruin at most p. To this end, simply compute ψ−1
ui,βi,Fi

(p) for all i, and

update xi := max{0, ψ−1
ui,βi,Fi

(p) − ci}. If
∑

i xi ≤ B, then these choices of xi explic-

itly witness that it is feasible to have min-max objective ≤ p. If not, then they

explicitly prove that with a budget constraint of B, some agent must have ruin

probability exceeding p.

It therefore suffices to do binary search on the interval [0, 1]. Each iteration of

binary search takes O(n) operations, and therefore doing log(1/δ) iterations of bi-

nary search takes O(n log(1/δ)) operations. After log(1/δ) iterations, we will have

a window [X, X + δ] where we explicitly found a choice of subsidies guarantee-

ing min-max objective X + δ, and also proved that better than X is not possible.

Thus, we have an additive δ approximation in the desired time. �
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4.4.2 Min-Sum via Knapsack

We now show how to make use of our min-max approximation as a subrou-

tine to provide an FPTAS for the min-sum objective. Our approach barely uses

any structure of the ψui,βi,Fi(·) function, and is essentially an FPTAS to minimize∑
i fi(xi) subject to

∑
i xi ≤ B for any no-increasing functions fi(·). Our algorithm

is also very similar to the FPTAS for Knapsack via dynamic programming.

Theorem 10. Let X denote the optimum value for the min-sum objective for any given

instance. Then, for any ε, δ > 0, a solution with min-sum value (1 + ε)X + δ can be

found in time polynomial(n, 1/ε, log(1/δ)).

Proof. The algorithm proceeds in two phases. First, we need to figure out the

scale of the optimum solution. Then, we achieve an additive approximation at

the appropriate scale by adapting the FPTAS for the weighted knapsack prob-

lem (Vazirani, 2013).

For phase one, we simply solve the min-max objective using Lemma 9 up

to accuracy δ/(2n), in time polynomial(n, log(n/δ)). Let C denote the value of the

solution output by the min-max subroutine. If C ≤ δ/n, then certainly the min-

sum objective for this same solution is at most δ, which satisfies the desired

guarantee (as X ≥ 0). Otherwise, we know from Lemma 9 that it is certainly

not possible to get the ruin probabilities to sum to less than C − δ/(2n) (since,

otherwise, the max would be at most C − δ/(2n) as well, which would contradict

Lemma 9). As C ≥ δ/n, this means that the optimum is at least C/2. There-

fore, if we set η := εC/(2n) and get an additive nη approximation, this will be a

multiplicative (1 + ε) approximation.

Observe also that our min-max subroutine explicitly outputs a solution with
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min-sum value at most Cn (because the maximum ruin probability is at C).

We thus know that the optimum lies somewhere between C/2 and Cn. These

bounds are sufficient to use a dynamic program similar to that for Knapsack.

To create our Dynamic Program, first define:

fi(xi) := dψ(ci + xi, ui, βi, Fi)/ηe · η.

That is, fi(xi) is ψ(ci + xi, ui, βi, Fi) rounded up to the nearest integer multiple of η.

Note that this only makes any potential solution worse by at most an additive

factor of η. After this rounding, we claim we can find the optimal solution with

dynamic programming. Briefly observe that f −1
i (·) can be computed with one

black-box call to ψ−1
ui,βi,Fi

(·) (which are still assuming can be computed in O(1)

operations for ease of exposition).

Let G( j, k) denote the minimum possible budget that suffices to guarantee∑
i≤ j fi(xi) = k · η. We claim this can be found using the recurrence below.

G( j, k) = min
`
{G( j − 1, k − `) + f −1

i (`η)},

where ` ranges in {0, 1, . . . , k}.

Observe first that the range of ` suffices, as all values are integer multiples

of η. Observe also that the optimal solution for G( j, k) must obtain some value

`η for f j(x j), which means it must get (k − `)η from the first j − 1, and that the

optimization for the first j−1 is exactly covered by G( j−1, k−`). Finally, observe

that each step requires taking a minimum over at most k terms, and that the

entire DP table has n ∗K terms, if we let k range in {0, . . . ,K − 1}. The entire table

can thus be filled in time polynomial(n,K). We will set K := n3/ε.

The solution we seek is the minimum k such that G(n, k) ≤ B. Observe that

as K := n3/ε, it is certainly the case that G(n,K) ≤ B, as this corresponds to a
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solution of value n3 · η = Cn2, which is guaranteed to exist by our work in phase

one. Observe that this dynamic program finds an optimal allocation, up to an

additive nη = εC/2. So, as the optimum is at least C/2, this is at most (1 +ε)OPT,

as desired. �

4.4.3 NP-Hardness and Further Computational Considerations

In this section, we prove an NP-hardness result showing that one should not

expect an exact solution in polynomial time without some assumptions, and

also discuss relaxations of the assumption that ψ−1
u,β,F(·) can be computed in O(1)

operations.

First, recall that the approach used in Theorem 10 is quite general: it essen-

tially provides an FPTAS for minimizing
∑

i fi(xi) subject to
∑

i xi ≤ B for any

non-increasing functions such that f −1
i (·) can be computed efficiently. We first

show that this problem is NP-hard in general, even for fairly simple functional

forms of fi(·).

Proposition 11. Let MIN-SUM take as input explicit descriptions of n functions

fi(·), and output min~x,xi≥0∀i,
∑

i xi≤B{
∑

i fi(xi)}. Then, MIN-SUM is (weakly) NP-hard,

even when each fi(·) takes the form of min{1, gi(·)}, where gi(·) is convex.5

Proof. We reduce from SUBSET-SUM. Given an instance of SUBSET-SUM with

A1, . . . , An for which we want to know whether there is a subset that sums to

exactly C, we do the following:

5Observe that without the minimum with 1, this is just convex minimization, which can be
solved in polynomial time.
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• Let A ≥ maxi Ai.

• Define gi(xi) := max{1 − Ai/A, 1 + (Ai − 2xi)/A}. Observe that gi(·) is the

maximum of linear functions and therefore convex. Now define fi(xi) :=

min{1, gi(xi)}. Note that fi(0) = 1.

• Input f1(·), . . . , fn(·),C to MIN-SUM. If there is a solution with value n−C/A,

answer “yes” to SUBSET-SUM. Otherwise, answer “no.”

The above reduction clearly runs in polynomial time. Therefore, it only remains

to show whether it is correct. First, observe that the derivative of fi(·) is either

0 or −2/A everywhere. In particular, f ′i (xi) = 0 on [0, Ai/2], f ′i (xi) = −2/A on

[Ai/2, Ai], and f ′i (xi) = 0 on [Ai,∞).

Therefore, if we look at a candidate solution ~x, we necessarily have fi(xi) ≥

1 − xi/A. This is simply because the average derivative on [0, xi] is at least −1/A

for all xi. The inequality is tight only at xi = Ai. From this, we conclude that if

there is a subset such that
∑

i∈S Ai = C, we could consider setting xi = Ai for all

i ∈ S and xi = 0 otherwise. This would yield a solution with value n −C/A. This

is because all i ∈ S will have fi(xi) = 1 − Ai/A, and so our total solution will have

value n −C/A.

Similarly, if there exists a solution with value n − C/A, this implies that the

gain in value for every unit of budget is exactly −1/A (because no budget con-

tributes better than −1/A, and our total budget is B). For each agent, this im-

plies that either they consume no budget (xi = 0) or they consume exactly Ai

of budget. Because the entire budget is consumed at bang-for-buck of −1/A, if

S denotes the agents who receive non-zero subsidy we must have
∑

i∈S Ai = C.

Therefore, the reduction is correct. �
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It is certainly possible that for certain functional forms of Fi (e.g., exponen-

tially distributed), that the min-sum objective can be optimized exactly in poly-

nomial time. But the above hardness shows that and FPTAS is likely the best

one should hope for without further assumptions. Finally, we briefly discuss

further computational considerations with regards to computing ψ−1
ui,βi,Fi

(·).

Lemma 12. Let f (·) be non-increasing, and have a domain of [0, B]. Then if f (·) can be

computed in O(1) operations, for all x, a y satisfying y ≤ f −1(x) ≤ y+δ can be computed

in O(ln(B/δ)) operations.

Proof. Let the input query be x. If f (B) > x, then the inverse is undefined. If

f (0) < x, then the inverse is also undefined. Otherwise, an inverse exists in

[0, B]. From here, we proceed with binary search. After log2(B/δ) steps, we will

have a window of the form [y, y + δ] where f −1(x) certainly lies in this window.

So output this y. �

This lemma alone does not transparently affect the approximation guaran-

tees — the issue is that perhaps a little error in y ≈ f −1(x) may cause f (y) � x.

With one extra assumption on f , however (a Lipschitz condition), this is useful.

Below, we say that a function f (·) is (L, δ)-Lipschitz if for all x, y with |x−y| ≤ δ/L,

| f (x) − f (y)| ≤ δ.

Corollary 13. Let ψui,βi,Fi(·) be (L, δ)-Lipschitz. Then if ψui,βi,Fi(·) can be com-

puted in O(1) operations, an additive O(δ)-approximation to the min-max

objective can be found in time polynomial(n, log(LB/δ)), and a multiplicative

(1 + ε), additive δ approximation to the min-sum objective can be found in time

polynomial(n, 1/ε, log(LB/δ)).
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Proof Sketch. Using Lemma 12, a y satisfying y ≤ ψ−1
ui,βi,Fi

(x) ≤ y+δ/L can be found

in O(ln(LB/δ)) operations. Therefore, this value of y also satisfies f (y) ≤ x + δ, as

ψui,βi,Fi is (L, δ)-Lipschitz. Using this instead of a true inverse oracle accumulates

an additional additive error of δ in both proofs, which can be accommodated

into the existing guarantees. �

Intuitively, the need for some Lipschitz condition on ψui,βi,Fi(·) (if we only wish

to have black-box access to ψui,βi,Fi(·) and not ψ−1
ui,βi,Fi

(·)) is because if ψui,βi,Fi jumps

instantaneously from (say) 1 to 0, it is impossible to detect exactly where. Thus,

in order to ensure we are competitive with the optimum, we would also need

to violate the budget constraint by a little bit. Even without any Lipschitz con-

dition, this approach suffices:

Lemma 14. If all ψui,βi,Fi(·) can be computed in O(1) operations. Then if X denotes the

optimal solution to the min-max objective with budget B, a solution with min-max value

X + δ using budget B + δ can be found in time polynomial(n, log(B/δ)). If Y denotes

the optimal solution to the min-sum objective with budget B, a solution with min-sum

value (1+ε) ·Y +δ using budget B+δ can be found in time polynomial(n, 1/ε, log(B/δ)).

Proof Sketch. Similar to Corollary 13, the proof follows by observing that a y ≤

ψ−1
ui,βi,Fi

(x) ≤ y + δ/n can be found in O(ln(nB/δ)) operations. Using y + δ/n as

ψ−1
ui,βi,Fi

(x) results in no additional error in ruin probabilities, but does cost at most

an additional δ/n in budget consumed. Chasing through the rest of the previous

proofs, the same guarantees are achieved, but after consuming an additional δ

budget. �
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4.5 Discussion

In this chapter, we propose a model of economic welfare that incorporates

agents’ income and initial wealth as well as income shocks, and we analyze

the model using results from the theory of ruin processes. We consider a prob-

lem faced by a planner who would either like to maximize the welfare of the

most vulnerable agent or minimize the number of agents that experience ruin.

Our analysis reveals several insights into the role of income shocks on economic

welfare. For instance, we find that agents may appear to be less vulnerable

when considering welfare measures that simply use income than measures we

introduce in this chapter. And, in fact, we also find that even measures pro-

posed in this chapter — i.e., ruin probability or those given by our solutions

for income or wealth subsidies — can be drastically different from one another.

Therefore, care must be taken not only to ensure that variables that impact in-

dividuals’ economic well-being (such as income shocks) are taken into account,

but also in picking the desired objective as well as the type of subsidy to be

given out. These decisions are best approached as an iterative conversation and

collaboration with domain experts and the setting in which insights from such

optimization-based approaches may be deployed.

The different forms of subsidies that we consider in this chapter closely re-

semble different assistance programs or proposed subsidies. Income subsidies

are reflected in programs such as the Supplemental Nutrition Assistance Pro-

gram or housing vouchers which reduce families’ monthly expenses, thereby

leaving more reserves for families month-to-month. (In our model, this roughly

corresponds to adding an income subsidy xi to ci.) Wealth subsidies may resem-

ble proposed policies such as “baby bonds” or inheritance taxation to alleviate
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racial wealth inequalities (Hamilton and Darity Jr, 2010; Shapiro et al., 2004)

Our Model. There are various assumptions about our model that warrant fur-

ther discussion and also leave open directions for further work. We treat income

as a steady stream. We incorporate disruptions to one’s income as a form of

shock. Cases in which an individual loses their job entirely, or experiences some

other shock that essentially amounts to a long-term state change, may benefit

from a different model that more directly incorporates such discrete transitions.

We also assume that income and initial wealths are known, well-defined val-

ues. In practice, it may be difficult to quantify these, and especially reserves. For

instance, reserves such as savings may be simple to represent, whereas other

forms of reserves such as social capital or having “outside options” such as abil-

ity to rely on family for certain types of shocks may be harder to quantify. Note

that we address some of this via the weighted version of our problem, with po-

tentially different weights assigned to each agent, but there are many options

in how best to determine these weights and the weights themselves may also

be dynamic. Similarly, we assume that the agents’ incomes are fixed and they

do not make choices in consumption. In many settings, agents may adjust their

consumption or make investments in response to such interventions.

We further assume time-independence. That is, given a fixed reserve and

income flow, we assume that experiencing a shock at time t1 versus t2 has the

same impact. However, shocks may be sensitive to the time when they are ex-

perienced, if the impact of the shock has the potential to be felt longer in some

cases than others. (For example, consider certain health outcomes, or interac-

tions with the criminal justice system at different ages or in different circum-

stances.) Our model implicitly assumes that our process is running during a
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time when shocks, weights, threshold for ruin and other such parameters are

time-independent.

Societal Implications. There are a number of further societal considerations in-

herent in the problem we are studying. One such consideration is connected to

the assumption that shocks can be observed or their distributions can be known

in some instances. As discussed in the introduction, obtaining this information

can be intrusive into the lives of vulnerable individuals. While some informa-

tion, such as interactions with the criminal justice system, may already be data

that a planner — such as a government assistance program — already has ac-

cess to, others — such as the dissolution of a romantic or other close personal

relationship — may represent private and sensitive information. There is a rich

line of work exploring the class differentials in privacy loss and privacy viola-

tions, especially for data gathered as part of government assistance programs

(Gilman, 2011; Marwick et al., 2017; Peppet, 2011). This suggests a number of

open questions, including how to allocate subsidies effectively when we only

have noisy data about agents — including cases where the noise comes from

the planner deliberately limiting their data collection on shocks.

A separate issue is concerned with setting the objective function. In this

chapter, we study the min-max and min-sum objectives, which aim to maxi-

mize the welfare of the agent who is most susceptible to experiencing ruin and

minimizing the expected number of agents that may experience ruin. Both of

these are well-studied objectives in the literature and also correspond to objec-

tives that are motivated in practice. For instance, in the motivating literature

related to eviction, a planner might aim to minimize the maximum likelihood

that any family will get evicted or the planner may wish to minimize the ex-
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pected number of families who may experience eviction. Social programs that

work by identifying and targeting families who may benefit most from such

programs are common in various domains, including low-income housing as-

sistance programs and poverty-reduction efforts more generally.

At the same time, social policy may also provide such provisions to all fam-

ilies. There is rich work across the social sciences and public policy exploring

the role of targeting in poverty reduction ranging from broader survey (Ak-

erlof, 1978; Elster, 1992; Mirrlees, 1971), to the role of self-targeting and other

mechanisms that may drive the process (Alatas et al., 2016; Nichols and Zeck-

hauser, 1982), to work focused on specific domains such as medicine (Persad

et al., 2009). Note that in some domains, there may be a choice between policy

that takes a “targeting” versus “universalist” approach, where programs would

build a universal floor for all families (Mkandawire, 2005; Skocpol, 1991).

Recent work including by Eubanks has highlighted the complex interac-

tion between public services and algorithmic decision-making tools as well

as challenges that arise in implementing such solutions in real-world settings

(Eubanks, 2018b,a). Prior to this work, researchers and practitioners in eco-

nomics and computation have studied the societal and ethical considerations

that emerge when allocating scarce societal resources and the role of repugnant

markets (Calabresi and Bobbitt, 1984; Elster, 1992; Roth, 2007, 2008). For further

discussions on ethical and societal considerations of algorithmic and mecha-

nism design work in settings such as the ones considered in this work, see Part

V.
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CHAPTER 5

A TRUTHFUL MECHANISM FOR ONE-SIDED MATCHING

Resource allocation in public sector domains, whether it is the allocation of

subsidies to families, assignment of students to public schools, or matching of

doctors to hospitals, often surface fundamental mathematical questions. One

such mathematical problem is what is known as the house allocation problem of

Hylland and Zeckhauser (1979): in this problem, a set of agents n agents are to

be matched, one-to-one, to a set of n items, such as houses or seats in public

schools. This problem is further characterized by the assumptions that there

are no monetary transfers and agents can have heterogeneous preferences over

the items. For instance, in assigning students to public schools or assignment

of low-income housing resources to families, families may have preferences for

locations in specific neighborhoods closer to their communities or for schools or

houses that meet specific needs that they might have. And, they might strategi-

cally report their preferences in an attempt to secure better resources for them-

selves.

More concretely, we assume that each agent i has a value vi, j for each item

j. A randomized matching mechanism outputs a probability distribution over

matchings, which corresponds to a doubly-stochastic matrix p, providing the

probability pi, j that i will be matched to j; the expected utility of i in p is
∑

j vi, j pi, j.

The goal in this setting is to generate a fair and efficient randomized matching,

which crucially depends on the values of the agents, and the main obstacle is

the fact that the vi, j values of each agent i are private information of this agent.

Therefore, a successful mechanism needs to elicit the agents’ preferences and

output a desired matching; on the other hand, each agent’s goal is to maximize
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her expected utility, so an agent can strategically misreport her preferences if

this increases her expected utility.

This tension between the objectives of the designer and those of the partic-

ipants lies at the core of the sub-field of economics and computation known as

mechanism design. Most of the proposed solutions in the mechanism design liter-

ature, however, leverage monetary payments as the main tool that the designer

can use to incentivize truthful reporting by the agents. This, however, may be

undesirable or infeasible in public sector settings. 1 This requirement makes the

mechanism design problem considered in this chapter particularly demanding.

In the absence of monetary payments, an alternative tool for simulating the im-

pact of payments is to use “money burning” (Hartline and Roughgarden, 2008).

In our setting, this could correspond to keeping some of the items unmatched

with positive probability, thus penalizing the agents just like monetary pay-

ments would. But, in many settings, including the house allocation problem

studied in this chapter, this would be unacceptable (e.g., it would imply that

some agents may remain homeless while some houses remain unoccupied).

Our main result in this chapter is a novel application of random sampling

that enables the use of known money burning mechanisms, while ensuring that

every agent and item is matched. In other words, our technique takes advan-

tage of the improved incentives that these money-burning mechanisms provide,

but without suffering their most important drawback. To verify the usefulness

of this approach, we combine it with the partial allocation (PA) mechanism of

Cole et al. (2013), giving rise to a new mechanism that incentivizes the agents

to always truthfully report their cardinal preferences, i.e., their vi, j values, and

1For instance, we would like to assign families to low-income housing resources without any
monetary transfers.
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yields an outcome p that is approximately both fair and efficient.2 We measure

the performance of our mechanism using the canonical benchmark defined by

the Nash bargaining solution and show that our mechanism outperforms the

standard mechanisms with the same, or weaker, incentive properties.

The literature on one-sided matching has considered three main approaches,

none of which gives rise to mechanisms that are both truthful and obtain a

non-trivial approximation of the aforementioned benchmark. Hylland and

Zeckhauser (1979) propose the competitive equilibrium from equal incomes (CEEI),

which depends on the vi, j values in a non-trivial way, but it provides the agents

with strong incentives to misreport these values, especially for small problem

instances. The random serial dictatorship (RSD), or random priority, mechanism

is an important mechanism with a long history in practice. This mechanism

randomly orders the agents and, following this order, gives to each agent her

favorite item among the ones that are still available. RSD is an ordinal mecha-

nism: it requires only the ordinal preferences of each agent, i.e., only her ranking

of the items from most to least preferred. It elicits this information truthfully,

but its outcomes can be very inefficient. The probabilistic serial (PS) mechanism

of Bogomolnaia and Moulin (2001) is another ordinal mechanism, and its out-

come is computed by continuously allocating to each agent portions of her most

preferred item that has not already been fully allocated. PS satisfies an ordinal

notion of efficiency, but it achieves only a trivial approximation of our stronger

benchmark, and it is not truthful. A more detailed discussion regarding these

mechanisms and other related work is provided in Chapter 2.

Aiming to provide stronger efficiency and fairness guarantees compared to

2Zhou (1990) shows that there is no mechanism that is truthful, symmetric, and Pareto effi-
cient; thus, some notion of approximation is necessary.
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known mechanisms, we consider a cardinal benchmark: the well-studied Nash

bargaining solution, proposed by Nash (1950). Given a disagreement point, i.e., the

“status quo” that would arise if negotiations among the agents were to break

down, the Nash bargaining solution is the outcome that maximizes the prod-

uct of the agents’ marginal utilities relative to their utility for the disagreement

point. This outcome indicates the utility that each agent “deserves,” so we use

this utility as the benchmark for that agent. The choice of disagreement point

can depend on the application at hand: if a buyer and a seller are negotiating a

transaction, the disagreement point could be that the seller keeps the goods and

the buyer keeps her money. In one-sided matching markets, the disagreement

point needs to be a matching because leaving an agent without a house is in-

feasible. Since all agents have symmetric claims on the items when entering the

market, we let the disagreement point be a matching chosen uniformly at ran-

dom, ensuring that each agent is equally likely to be matched to each item. The

Nash bargaining solution therefore corresponds to the doubly-stochastic matrix

p that maximizes
∏

i(
∑

j vi, j pi, j − oi), where oi = 1
n

∑
j vi, j is the expected utility of

agent i for an item chosen uniformly at random.

Since no truthful and symmetric mechanism can guarantee Pareto efficiency

(Zhou, 1990), it is clearly impossible for a truthful mechanism to implement

the Nash bargaining solution, which is symmetric and Pareto efficient. Thus,

we consider the problem of approximating this solution. Specifically, the Nash

bargaining solution defines the utility that each agent deserves and our goal is

to ensure that every agent receives a good approximation of that benchmark.

Formally, a mechanism is a β-approximation if the utility of each agent is at

least a β fraction of her utility in the Nash bargaining solution. Note that, once

the valuations of each agent i are adjusted by subtracting oi, then our objective
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corresponds to the Nash social welfare (NSW), which has recently received a lot

of attention in the fair division literature (e.g., Brânzei et al., 2017; Barman et al.,

2018; Cole and Gkatzelis, 2018; Caragiannis et al., 2016; Garg et al., 2018). The

NSW maximizing outcome is proportionally fair in that it satisfies a multiplicative

version of Pareto efficiency, namely, the utility of an agent cannot be increased

by a multiplicative factor without decreasing the product of utilities of other

agents by a greater multiplicative factor.

En route to proving our mechanism’s approximation bounds, we also pro-

vide an analysis of the Nash bargaining solution with respect to its population

monotonicity, which is of independent interest. It has long been known that, un-

like the Kalai-Smorodinsky solution, the Nash bargaining solution can violate

population monotonicity for some instances of the bargaining problem (Thom-

son, 1983; Thomson and Lensberg, 1989). That is, there exist instances where

removing some of the agents and computing the updated Nash bargaining so-

lution can decrease the utility of some of the remaining agents. When allocating

items among competing agents, this lack of monotonicity is somewhat coun-

terintuitive. Why would the decreased competition from agents departing the

market not lead to (weakly) increased utility for the agents remaining in the

market? Indeed, we show that population monotonicity can be violated in the

Nash bargaining solution for matching markets. Effectively, the constraint that

the allocation is a distribution over perfect matching introduces positive exter-

nalities between agents.

In order to quantify the extent to which one of the remaining agents’ utility

can drop after such a change in the agent population, the bargaining literature

in economics introduced the opportunity structure notion (e.g., see the book by
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Thomson and Lensberg (1989), and references therein). This structure identi-

fies the largest factor by which a remaining agent’s utility can drop after some

subset of agents is removed. In fact, resembling the standard computer science

approach, the opportunity structure is defined as the worst-case factor over all

instances, all removed subsets of agents, and all remaining agents. In this chap-

ter, we provide essentially tight upper and lower bounds for this factor in the

context of matching markets, showing that in carefully designed worst-case in-

stances, this factor can grow faster than a polylogarithmic function of the num-

ber of agents, yet slower than any polynomial. Apart from the broader interest

in understanding this measure in matching markets, we show that the upper

bound on the population non-monotonicity provides, up to constant factors, an

upper bound on the approximation factor of the truthful matching mechanism

that we define.

Our Results

In this chapter, we introduce a random sampling technique which allows us

to translate non-trivial truthful one-sided matching mechanisms that may pro-

duce partial matchings (i.e., possibly leaving some agents unmatched) into ones

where

1. every agent is always assigned an item, and

2. the incentives for truthful reporting of preferences are maintained.

For example, the truthfulness guarantee of the PA mechanism of Cole et al.

(2013) depends heavily on its ability to penalize the agents that cause inconve-

nience to others; it thereby ensures that none of these agents is misreporting
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their preferences. Since monetary payments are prohibited, this mechanism pe-

nalizes the agents by assigning positive probability to outcomes that leave them

unmatched. Such partial matchings, however, are unacceptable in the house al-

location problem. Every agent, no matter what values she reports, needs to be

guaranteed an item, and this constraint significantly restricts our ability to intro-

duce penalties. Nevertheless, we show that we can still recreate such penalties

by using random sampling. Applying our sampling technique to the PA mech-

anism, we define the randomized partial improvement (RPI) mechanism, which

significantly outperforms all the standard matching mechanisms with respect

to the Nash bargaining benchmark.

In essence, the RPI mechanism endows agents with a baseline allocation

given by a uniformly random item and then uses the PA mechanism to improve

the agents’ utility relative to this baseline. In reality, it is not possible to simul-

taneously maintain the baseline and offer improvements to all agents, so RPI

circumvents this impossibility by imposing these two conditions on a sample

of half of the agents instead. With half the agents (but all of the items) there is

sufficient flexibility to faithfully implement the PA mechanism with the outside

option of a uniform random house. After finalizing the allocation of the sam-

pled agents, RPI then recursively allocates the unallocated portions of the items

to the remaining agents.

As an intermediate step toward the theoretical analysis of RPI’s approxi-

mation factor, we study the extent to which population monotonicity may be

violated in a one-sided matching market instance. We refer to an instance as

ρ-utility monotonic if removing a subset of its agents can decrease a remaining

agent’s utility in the new Nash bargaining solution by a factor of no more than ρ.
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We show that, for a very carefully constructed (and somewhat contrived) family

of instances, ρ can be as high as Ω(2
√

log n/2) and we complement this bound with

an essentially tight upper bound, by proving that for any one-sided matching

instance ρ is no more than O(22
√

log n) ⊆ o(nε) for any constant ε > 0.

Apart from the broader interest in understanding the extent to which the

Nash bargaining solution may violate population monotonicity, our upper

bound on ρ also directly implies an upper bound for the approximation factor of

RPI. Specifically, we prove that RPI guarantees to every agent a 4 e ρ approxima-

tion of the utility that she gets in the Nash bargaining benchmark. Therefore, as

a corollary, we conclude that RPI approximates the Nash bargaining benchmark

within O(22
√

log n) ⊆ o(nε) for any constant ε > 0, even with the worst case choice

of ρ. In stark contrast to this upper bound, which is strictly better than any

polynomial, we show that the approximation factor of all ordinal mechanisms

(even ones that are not truthful, such as probabilistic serial) grows linearly with

the number of agents. Therefore, our mechanism significantly outperforms all

ordinal mechanisms while at the same time satisfying truthfulness.

5.1 Preliminaries

Given a set N of n agents and a set M of n items, a randomized matching can

be represented by a doubly-stochastic matrix p of marginal probabilities, where

pi, j denotes the marginal probability that agent i is allocated item j. Clearly,

any probability distribution over matchings implies a double-stochastic matrix,

and the Birkhoff-von-Neumann theorem shows that any doubly-stochastic ma-

trix can be implemented as a probability distribution over matchings. Denote
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by v a matrix of agent values where vi, j is the value of agent i for item j. The ex-

pected utility of agent i for random matching p is ui =
∑

j∈M vi, j pi, j. The random

matching p that a mechanism outputs when the agents’ reported values are v is

denoted by p(v).

For each agent i, her values vi = (vi,1, . . . , vi,n) are private and a matching

mechanism must be designed to properly elicit them. A mechanism is truthful if

it is a dominant strategy for each agent i to report her true values. That is, if we

let p(wi, v−i) denote the outcome of the mechanism when agent i reports values

wi and all the other agents report values v−i, then a mechanism is truthful if for

every agent i, any matrix of values v, and any misreports wi∑
j∈M

vi, j pi, j(v) ≥
∑
j∈M

vi, j pi, j(wi, v−i).

Our benchmark, formally defined in the following section, uses the Nash so-

cial welfare (NSW) objective on appropriately adjusted agent valuations. The

NSW maximizing outcome is known to provide a balance between fairness and

efficiency by maximizing the geometric mean (or, equivalently, the product)

of the agents’ expected utilities, i.e., maxp
∏

i

(∑
j vi, j pi, j

)
. The partial allocation

mechanism from Cole et al. (2013) provides a truthful approximation of that

outcome and can be easily adapted to randomized matchings by interpreting

fractional allocations as probabilities.

Definition 15. The partial allocation (PA) mechanism on values v works as fol-

lows:

1. Compute the doubly-stochastic matrix pNSW(v) that maximizes the Nash

social welfare.

2. For each agent i, compute fi as follows:
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(a) Let uk be agent k’s utility in pNSW(v).

(b) Let u′k be agent k’s utility in pNSW(v−i), i.e., in the NSW maximizing

allocation with agent i absent and all other agents restricted to one

unit, i.e.,
∑

j pNSW
k, j (v−i) = 1 for all k , i.

(c) Let fi =
∏

k,i uk

/∏
k,i u′k.

3. Allocate each item j to each agent i with probability qi, j = fi pNSW
i, j (v).

Note that the fraction fi of the NSW maximizing assignment allocated to

agent i is equal to the relative loss in utility that i’s presence imposes on the

other agents. The denominator is independent of i’s declared valuations, so, in

maximizing fi · ui, which would be agent i’s goal, she is maximizing the NSW

when she reports truthfully. Cole et al. (2013) show that fi ∈ (1/e, 1], without

the unit constraint on allocations, but the same argument holds with the unit

constraint.

Theorem 16 ((Cole et al., 2013)). The partial allocation mechanism is truthful, feasi-

ble, and allocates each agent i at fraction fi of the NSW maximizing assignment, where

fi is at least 1/e.

5.2 The Nash Bargaining Benchmark

In this section, we define our cardinal benchmark as well as an approximation

measure for evaluating mechanisms for the one-sided matching problem. Our

benchmark is the Nash bargaining solution with a uniformly random matching

as the disagreement point. Each agent i’s expected utility for this disagreement

point is oi = 1
n

∑
j vi, j and the Nash bargaining solution is the outcome p∗ that
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maximizes the Nash Social Welfare objective with respect to the marginal valu-

ations v − o. In other words, the Nash bargaining solution distributes the addi-

tional value, beyond each agent’s outside option, in a fair and efficient manner.

Definition 17. The Nash bargaining solution with disagreement point (oi)i∈N is

p∗ = argmaxp

{∏
i

(∑
j
vi, j pi, j − oi

)}
,

where every agent i is constrained to have non-negative utility
∑

j vi, j pi, j −oi ≥ 0.

Apart from its fairness properties, this benchmark is also appealing because

of its invariance to additive shifts and multiplicative scalings of any agent’s val-

ues for the items. Shifting all the values of an agent by adding some constant

does not affect the marginal values after the outside option is subtracted. Also,

scaling all of the values of an agent by some constant does not have any im-

pact on what the Nash bargaining solution, p∗, is; the product value of every

outcome is multiplied by the same constant, and hence the optimum is unaf-

fected. As a result, we do not need to assume that the values reported by the

agents are scaled in any particular way. One thing to note about the benchmark

being invariant to these changes is that, on instances where the agents’ values

are identical up to shifts and scales, the benchmark assignment is the uniform

random assignment.3

Our goal is to approximate p∗, the Nash bargaining solution with disagree-

ment point (oi)i∈N , using the following per-agent approximation measure.

3The combined property of shift and scale invariance has some counterintuitive implications.
Consider an example instance where all agents i have value vi,1 > 1 for item 1, and vi, j = 1 for all
other items j ∈ {2, . . . , n}. In the Nash bargaining solution, all agents receive a uniform random
item and in particular a 1/n fraction of the preferred item 1. This outcome may seem surprising
as it does not account for the possibility that some agents may prefer item 1 much more than
other agents. This uniform outcome results because the agents’ preferences are equivalent up
to additive and multiplicative shifts.
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Definition 18. The per-agent approximation of mechanism p with respect to

benchmark assignment p∗ is the worst-case ratio of the utility of any agent in p∗

and p. i.e.,

max
v

{
max

i

{∑
j vi, j p∗i, j(v)∑
j vi, j pi, j(v)

}}
.

5.3 Inapproximability by Ordinal Mechanisms

Ordinal mechanisms are popular in the literature on matching. Rather than ask-

ing agents for cardinal values for each item, an ordinal mechanism need only

solicit an agent’s preference order over the items. Two prevalent ordinal mech-

anisms are the random serial dictatorship (RSD) and probabilistic serial (PS)

mechanisms. One of our main motivations for studying cardinal mechanisms

in this chapter is that ordinal mechanisms are bound to generate unfair allo-

cations for some instances, due to the fact that they disregard the intensity of

the agents’ preferences; even when the agents agree, or partially agree, on their

preference order, they may still disagree on preference intensities. A mechanism

that does not take these intensities into consideration is, for example, unable to

distinguish between agents whose favorite item is very strongly preferred over

the rest, and agents who have only a slight preference for their top item over

the rest.4 Note that such correlated ordinal preferences may be commonplace in

many public sector settings.

Our first lower bound shows that the random serial dictatorship mechanism

can be very unfair to some agent, leading to an approximation factor as bad as

4For instance, a set of families might each agree on their most-preferred school during a
student-to-school matching process, but some families might have a significantly stronger pref-
erence for their first choice school due to special programming offered at the school or proximity.
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n (the number of agents).

Lemma 19. The worst case approximation ratio of the random serial dictatorship (RSD)

mechanism with respect to the Nash bargaining benchmark is n.

Proof. Consider the example where agent 1 has value 1 for item 1 and no value

for any other item, and each agent i ≥ 2 has value 1 for item 1, value 1 − ε for

item i, and no value for other items. That is consider v =:


1 0 0 . . . 0
1 1 − ε 0 . . . 0
1 0 1 − ε . . . 0
...

...
...

. . .
...

1 0 0 . . . 1 − ε


Table 5.1: Example showing the worst case approximation ratio of the random
serial dictatorship mechanism with respect to the Nash bargaining benchmark.

In RSD an ordering of the agents is generated uniformly at random, and then

each agent is allocated her favorite available item in that order. In this instance,

the first agent in the random ordering will always select item 1, and every agent

has the same probability, 1/n, of being ordered first. Since agent 1 has no value

for any other item, the expected utility of this agent 1 in RSD is 1/n.

On the other hand, as ε approaches zero, the Nash bargaining solution as-

signs each agent i to item i with probability that approaches 1. To verify this

fact, note that for ε = 0 the Nash bargaining would assign agent i to item i with

probability 1, and observe that the distribution that RSD outputs is continuous

in ε. Thus, the utility of each agent in the Nash bargaining solution – and specif-

ically of agent 1 – approaches 1. As a result, the RSD mechanism is being unfair

to agent 1, leading to an approximation factor of n. �
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In fact, with a small modification of the instance used to verify how un-

fair the RSD mechanism can be, the following theorem shows that every ordinal

mechanism is susceptible to this issue.

Theorem 20. The worst case approximation ratio of any ordinal mechanism to the

Nash bargaining benchmark is at least n − 1.

Proof. Consider the following instance v, where agents correspond to rows and

items to columns: 

1 ε 0 0 . . . 0 0
1 0 1 − ε 0 . . . 0 0
1 0 0 1 − ε . . . 0 0
...

...
...

...
. . .

...
...

1 0 0 0 . . . 1 − ε 0
1 0 0 0 . . . 0 1 − ε
0 1 1 1 . . . 1 1


Table 5.2: Example showing the worst case approximation ratio of any ordinal
mechanism to the Nash bargaining benchmark.

A key property of this instance is that the top n − 1 agents are ordinally

indistinguishable. Each of them ranks item 1 first, one of items {2, . . . , n} second,

and all other items last. On the other hand, each item j ∈ {2, . . . , n} is ordinally

indistinguishable. Each is ranked second by exactly one of the top n − 1 agents

and ranked equivalently by agent n.

Fix an ordinal mechanism. The ordinal indistinguishability of agents

{1, . . . , n − 1} implies, without loss of generality up to agent relabeling, that

agent 1 receives item 1 with probability at most 1/(n − 1). Thus, in the limit

of ε going to 0, agent 1 obtains a utility of 1/(n − 1) in this ordinal mechanism.

The Nash bargaining solution is continuous in ε and with ε = 0 it gives each

agent the maximum utility of 1 by allocating item 1 to agent 1, item 2 to agent n,
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and item i+1 to agent i for i ∈ {2, . . . , n−1}. Thus, in the limit, as ε goes to zero the

Nash bargaining solution gives agent 1 a utility of 1. Therefore, the per-agent

approximation of any ordinal mechanism with respect to the Nash bargaining

benchmark is n − 1. �

5.4 Randomized Partial Improvement

In this section, we define the random partial improvement matching mecha-

nism. This mechanism truthfully elicits the agents’ cardinal preferences and

uses them in a non-trivial manner to select an outcome. We prove that the per-

agent approximation of this mechanism with respect to the Nash bargaining

benchmark is proportional to the population monotonicity of the benchmark

and its worst-case approximation is significantly better than that of any ordinal

mechanism. The approach of the mechanism is to run the PA mechanism with

the outside option given by the uniform random assignment on a large sam-

ple of the agents and a large fraction of the supply. The resulting mechanism

inherits the truthfulness of the PA mechanism.

There are two key difficulties with this approach. First, in order to faithfully

implement the outside option, some of the supply needs to be kept aside in the

same proportion as the original supply. To enable this set aside, we need to

reduce the allocation consumed by the PA mechanism; we achieve this with a

novel use of random sampling (Goldberg et al., 2006). Second, it is non-trivial

to compare an agent’s utility across Nash social welfare maximizing assign-

ments for the original market and a sample of the market. A major endeavor

of our analysis shows that per-agent utility is approximately monotone, i.e., the
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fraction of an agent’s utility that is lost as the competition from other agents

decreases is non-trivially bounded. (Note, competition from other agents de-

creases as they are removed from the market.) Our mechanism, then, is struc-

tured to take advantage of this approximate monotonicity.

The mechanism is defined by a sequence of steps that gradually construct a

doubly-stochastic matrix. By the Birkhoff von Neumann theorem, this matrix

corresponds to a probability distribution over matchings. The high-level steps

and intuition are as follows: the mechanism samples half the agents and runs at

half scale (i.e., with half-unit-demand agents and half-unit-supply items) the PA

mechanism with the outside option given by the uniform random assignment.

The total demand of half the agents (roughly n/2) with half-unit demand is a

quarter of the total supply (roughly n/4), so there is a leftover n/4 of supply

from the half-units on which the PA mechanism was run. A further one-quarter

of each of the n units is used to provide a half-unit of the outside option to each

of the (roughly) n/2 agents in the sample. The final quarter is used to replace as

necessary the fractions of items withheld due to the fractional reduction in the

PA mechanism. Necessarily, the one-unit allocation to these agents uses up half

the supply. The remaining half of the supply is then allocated recursively to the

remaining half of the agents.

A formal description of this mechanism is given below. Since we call this

mechanism recursively after some agents’ allocation has been finalized (in the

form of marginal probabilities) and some portions of the items have been allo-

cated, we define it for the remaining n̄ ≤ n agents and the original n items whose

capacities may have been reduced from 1 to (ci)i∈M ∈ [0, 1]n.

Definition 21. Given some value n0 ∈ N, the randomized partial improvement

84



(RPI) mechanism on n̄ ≤ n agents and n items with supplies c1, . . . , cn such that∑n
j=1 c j = n̄ works as follows:

1. If n̄ < n0, allocate the remaining item capacities uniformly at random, i.e.,

return pi, j = c j/n̄ for each agent i and terminate. Otherwise, continue.

2. Randomly sample a subset N′ of n′ = dn̄/2e agents.

3. On the sampled agents run the PA mechanism with the outside option

given by the uniform random assignment o′i = 1
n̄

∑n
j=1 vi, jc j from the sup-

plies. Denote the allocation of item j to agent i by q′i, j; the total amount

allocated to agent i is f ′i =
∑n

j=1 q′i, j.

4. Allocate to each i ∈ N′ half of their PA assignment and “pad” it with the

outside option to ensure a unit allocation. As a result, the total allocation

of item j to agent i is p′i, j = q′i, j/2 + (1 − f ′i /2) c j/n̄.

5. Recursively run RPI on the remaining n′′ = n̄− n′ agents and item supplies

c′′j = c j −
∑

i∈N′ p′i, j.

6. Return the assignment p that combines the assignment p′ for N′ and the

assignment p′′ returned by the recursive call for the remaining n′′ agents.

The following proof of correctness (feasibility and truthfulness) formalizes

the intuition preceding the definition of the mechanism. The ideas of the

proof are more transparent in the case where n̄ is even and, in particular,

dn̄/2e = bn̄/2c = n̄/2.

Theorem 22. The randomized partial improvement mechanism with n0 ≥ 4 on n unit-

demand agents and n unit-supply items is feasible. i.e., it gives fractional allocations

that produce a doubly stochastic matrix, and truthful. i.e., it is a dominant strategy for

each agent to truthfully report her value for each item.
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Proof. Feasibility is shown by induction on the recursive definition of the mech-

anism. The inductive hypothesis is that the fractional allocation on n̄ agents

with supplies c1, . . . , cn such that
∑

j c j = n̄ has a total fractional allocation to

each agent of one, i.e.,
∑

j pi, j = 1 for each i, and a total fractional allocation of

each item equal to its supply, i.e.,
∑

i pi, j = c j for each j. The base case of n̄ < n0

clearly satisfies the inductive hypothesis. For the inductive step, the key point

to argue is that the supply c j of each item j is sufficient to cover the allocation

to the sampled agents.

This can be seen as follows: the dn̄/2e sampled agents are allocated half of

their PA assignment on the supplied capacities. Since f ′i ≥
1
e for all i by The-

orem 16, this means that the amount of each agent’s half PA assignment is∑
j q′i, j/2 = f ′i /2 ≥ 1/(2e). To ensure that each agent gets exactly one item in

expectation, Step 4 pads this allocation with a uniformly random assignment,

which may thus require up to 1 − 1/(2e) units for each of the dn̄/2e sampled

agents, for a total of (1−1/(2e))dn̄/2e. But, since the full PA assignment allocated

no more than c j of each item j, the half PA assignment set aside at least c j/2 of

each item, leading to a total of
∑

j c j/2 = n̄/2. We conclude by observing that

(1 − 1/(2e))dn̄/2e is at most n̄/2 when n̄ ≥ n0 = 4, so the amount set aside from

each item is sufficient to cover the sampled agents’ allocation.

Truthfulness follows by considering each agent conditioned on the state of

the mechanism during the recursive step where that agent is selected in the

sampled set N′. The agent’s report plays no role in determining the state at this

point. Given the state, the outcome for this agent is fully determined by the PA

mechanism which is truthful. Thus, the mechanism is truthful. �

To bound the per-agent utility of the RPI mechanism, we analyze the con-
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tribution to the utility of an agent who is sampled in the outermost recursive

call of the mechanism. An agent is sampled as such with probability at least

one half, and otherwise the agent’s utility is at least zero. The utility of these

sampled agents is easily compared to the utility of the PA mechanism (without

the agents that are not sampled). An issue significantly complicating the anal-

ysis of the approximation is the fact that we need to compare the utility of an

agent sampled in this invocation of the PA mechanism with their utility in the

Nash bargaining solution on the full set of agents. Counter-intuitively, it is not

true that these agents are always better off without the competition from the

agents that are not sampled: there are instances where removing some of the

competition, in fact, lowers the utility of an agent.

In Section 5.5, we define the ρ-utility monotonicity for NSW to be the maxi-

mum non-monotonicity of utility of any agent and sets of agents N and subset

N′ with NSW maximizing solutions p and p′ respectively. i.e.,

ρ := max
N′⊆N

max
i∈N′


∑

j vi, j pi, j∑
j vi, j p′i, j


 .

This parameter quantifies the extent to which some agent may be worse off

in the NSW maximizing solution after the removal of some subset of agents.

Defining the worst-case value of ρ across instances and subsets as ρ∗, Section 5.5

bounds ρ∗ between Ω(2
√

log n/2) and O(22
√

log n), the latter of which is o(nε) for

any constant ε > 0. It is worth noting that we ran experiments on a large set of

instances including a range of natural utility functions and found that this value

was actually no more than 1 in all of these instances.

Theorem 23. The randomized partial improvement mechanism with n0 = 4 on n unit-

demand agents and n unit-supply items is a 4 e ρ-approximation to the Nash bargaining

solution with disagreement point given by the uniform random assignment.
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Proof. If n < n0 = 4 then the base case of RPI is invoked and a uniform as-

signment is returned. With n < 4, however, this assignment is a 3 < 4 e ρ-

approximation, as each agent obtains 1/3 of each item.

Otherwise, we analyze the contribution to the utility of an agent conditioned

on the agent being sampled in the first recursive call of the algorithm. This event

happens with probability at least 1/2. When this happens the utility of the agent

is half the utility of PA on the sampled agents plus half the utility from the

outside option. The ρ-utility monotonicity property implies that the utility of

an agent in the NSW maximizing outcome on the sample is a ρ approximation

to the same agent’s utility in the NSW maximizing outcome on the full set of

agents. Running PA guarantees an e fraction of this utility. Combining these

steps and the fact that agents who are not sampled in the first recursive call still

receive nonnegative utility, we obtain a 4 e ρ-approximation. �

Combined with Theorem 28 from Section 5.5 which bounds ρ∗ by O(22
√

log n),

we have the following result:

Corollary 24. The randomized partial improvement mechanism with n0 = 4

on n unit-demand agents and n unit-supply items guarantees an approxima-

tion of the Nash bargaining solution with uniform outside option with a factor

O(22
√

log n) ⊆ o(nε) for any constant ε > 0.

5.5 Approximate Utility Monotonicity

A factor significantly complicating the analysis of the approximation of the ran-

dom partial improvement mechanism is the fact that the benchmark is com-
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puted based on the Nash social welfare maximizing solution when all agents

in N are present, while the mechanism’s performance depends on the solution

for N′, the sampled agents. The NSW maximizing solution for N and N′ can

generally be quite different. Moreover, as it turns out, there are instances where

the utilities of some agents in the NSW maximizing solution are non-monotone

with respect to removal of other agents, i.e., there exist instances that exhibit

positive externalities between agents. Table 5.3 gives a simple example of such

an instance (discussed in detail later on) and the remainder of the section devel-

ops upper and lower bounds on the worst-case non-monotonicity of utility.

A B C A B C A B C
a 1 2 0 1 0 0 1/2 1/2 0
b 0 2 1 0 1 0 0 1/2 1/2
c 0 0 1 0 0 1

i. Agent valuations ii. Initial solution iii. Final solution

Table 5.3: A simple instance involving three agents; a, b, c; and three items;
A, B,C. The value of agent b in the Nash bargaining solution after the removal
of agent c drops by a factor of 4/3. The optimality of solutions (ii) and (iii) for
Nash social welfare are intuitive; however, formal justification is given in the
lower bound section where this example is revisited.

Definition 25. A matching environment on agents N is ρ-utility monotone if for

any subset N′ of N and any i ∈ N′ the utility of i in the NSW maximizing assign-

ment, p′, for N′ is at least a ρ-approximation to the NSW maximizing assign-

ment, p, for N:

ρ := max
N′⊆N

max
i∈N′


∑

j vi, j pi, j∑
j vi, j p′i, j


 .

This parameter quantifies the extent to which some agent may be worse off

in the NSW solution after the removal of some subset of agents. We let ρ∗, denote

the worst case value of ρ across instances; this value is known as the opportunity

structure of the Nash bargaining solution for this class of instances (Thomson
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and Lensberg, 1989). In Section 5.5.1 we prove an upper bound of O(22
√

log n),

which is o(nε) for any constant ε > 0, for the value of ρ∗ over all one-sided

matching instances, and in Section 5.5.2 we complement this result by proving

a lower bound of Ω(2
√

log n/2) for this value.

5.5.1 Upper Bound

Given a valuation matrix v and a random matching p, we henceforth use ui(p)

to denote the expected utility of agent i for p given v, i.e.,
∑

j∈M vi, j pi, j (similarly,

we use u′i(p) for valuation matrix v′). Note that, as we discussed in Section 5.2,

the Nash bargaining solution is scale invariant. Therefore, if we scale the valua-

tions of each agent i by some constant ci > 0, then the Nash bargaining solution

with respect to valuations civi, j instead of vi, j will remain the same. This means

that given some problem instance that yields a doubly stochastic matrix p as

its Nash bargaining solution, we can always “normalize” the valuations of the

agents so that every agent’s expected utility for p is equal to 1, and p remains

that Nash bargaining solution of the normalized instance. This is a convenient

normalization that we make use of below.

In order to prove the upper bound on ρ∗, we first prove the following useful

lemmata.

Lemma 26. Let p be a NSW maximizing solution, and v be the valuations normalized

so that for every agent i, ui(p) = 1. Then, if some agent i is allocated an item j with

positive probability, i.e., pi, j > 0, every other agent k , i must have vk, j ≤ vi, j + 1.

Equivalently, vi, j ≥ maxk∈N{vk, j} − 1.
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Proof. For contradiction, assume that there exist two agents k and i and an item

j such that pi, j > 0 and vk, j = vi, j + 1 + δ for some δ > 0. Since the expected

utility of agent k is 1, there must also exist some item ` with pk,` > 0 and vk,` ≤ 1

(otherwise the expected utility of agent k would be greater than 1). Note that

` , j, since vk, j = vi, j + 1 + δ > 1, whereas vk,` ≤ 1.

Let p′ be a probability distribution identical to p, except p′k, j = pk, j + ε, p′i, j =

pi, j − ε, p′k,` = pk,` − ε, and p′i,` = pi,` + ε, for some positive ε < min{pi, j, pk,`}, whose

exact value we choose later on. In other words, p′ swaps probability ε between

agents i, k and items j, `. The expected utility of agent k in p′ is

uk(p′) = 1 + εvk, j − εvk,`

≥ 1 + ε(vi, j + 1 + δ) − ε

= 1 + εvi, j + εδ,

and the expected utility of agent i in p′ is

ui(p′) = 1 + εvi,` − εvi, j

≥ 1 − εvi, j.

Since every other agent’s expected utility is the same in p′ and p (equal to 1), the

NSW of p′ is ∏
i∈N

ui(p′) ≥ (1 + εvi, j + εδ)(1 − εvi, j)

= 1 + ε(δ − ε(v2
i, j + δvi, j)).

Therefore, if we let ε < δ/(v2
i, j + δvi, j)), the NSW of p′ is greater than 1, which is

the NSW of p, contradicting the fact that p is a NSW maximizing solution. �

Lemma 27. Given a problem instance, let p and p be the NSW maximizing outcomes

before and after (respectively) some subset of the agents has been removed. If among the
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remaining agents there exists a set of agents N1 and a constant d ≥ 12 such that every

agent i ∈ N1 has ui(p) ≤ ui(p)/d, then there also exists a larger set N2 of remaining

agents such that |N2| ≥ d|N1|/3 and for all agents k ∈ N2 we have uk(p) ≤ 4uk(p)/d.

Proof. Without loss of generality, let v be the agent valuations normalized so that

ui(p) = 1 for every agent i, and v′ be the valuations normalized so that u′i(p) = 1.

Given the vi, j values that yield ui(p) = 1, we can get the v′i, j values that yield

u′i(p) = 1 using the simple formula v′i, j = vi, j ·
ui(p)
ui(p) . In other words, for each agent i

who is worse-off in p compared to p, i.e., ui(p) < ui(p), we scale all of that agent’s

item values up by the same factor, ui(p)/ui(p). In particular, for each agent i ∈ N1

this means that v′i, j ≥ dvi, j for every item j.

For every i ∈ N1 we know that the drop in that agent’s value with respect

to the original valuations is ui(p) − ui(p) ≥ ui(p)(1 − 1/d) = 1 − 1/d. In order

to account for that drop, we partition the set of items of which i is allocated

more in p compared to p into two sets depending on whether vi, j ≥ 0.5 or not:

Mh
i = { j ∈ M : pi, j > pi, j and vi, j ≥ 0.5} and M`

i = { j ∈ M : pi, j > pi, j and vi, j < 0.5}.

We first show that from the aforementioned 1− 1/d drop in value, no more than

0.5 could be due to the items in M`
i , since

∑
j∈M`

i

(pi, j − pi, j)vi, j < 0.5
∑
j∈M`

i

(pi, j − pi, j) ≤ 0.5.

Therefore, at least 0.5 − 1/d of this drop in value for each agent i ∈ N1 is due to

items in Mh
i . Summing this up over all the agents in N1, we get

∑
i∈N1

∑
j∈Mh

i

(pi, j − pi, j)vi, j ≥
∑
i∈N1

(
0.5 −

1
d

)
(5.1)

= |N1|

(
0.5 −

1
d

)
. (5.2)
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Let N2 = {k ∈ N : pk, j > 0 for some j ∈
⋃

i∈N1
Mh

i } be the set of agents that are

allocated with positive probability in p an item from Mh
i for some i ∈ N1. Using

Lemma 26 we get that for every item j ∈ Mh
i , if pk, j > 0 then vk, j ≤ vi, j + 1 and

v′k, j ≥ v′i, j − 1. Using the fact that v′i, j ≥ dvi, j for every i ∈ N1, shown above, the

latter inequality also implies that v′k, j ≥ dvi, j − 1. Therefore

v′k, j
vk, j
≥

dvi, j − 1
vi, j + 1

≥ d −
d + 1
1.5

≥
d
4
,

where the second inequality uses the fact that vi, j ≥ 0.5 and the last inequality

uses the fact that d ≥ 8. This implies that for every k ∈ N2

uk(p) =
∑
j∈M

pk, jvk, j

≤
∑
j∈M

pk, j
4
d

v′k, j

=
4
d

∑
j∈M

pk, jv
′
k, j

=
4u′k(p)

d

=
4uk(p)

d
,

where the last equation uses the fact that u′k(p) = uk(p) = 1 according to our

normalization.

Since we have shown that for all k ∈ N2 we have uk(p) ≤ 4uk(p)/d, it now

suffices to show that the size of N2 is at least d|N1|/3. Since, for any item j ∈⋃
i∈N1

Mh
i , any agent k with pi, j > 0 satisfies v′k, j ≥ dvi, j − 1, the total value, with

respect to valuations v′, generated by the item fractions of the items “lost” by
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the agents in N1 is at least

∑
i∈N1

∑
j∈Mh

i

(pi, j − pi, j)(dvi, j − 1)

≥ d|N1|

(
0.5 −

1
d

)
−

∑
i∈N1

∑
j∈Mh

i

(pi, j − pi, j)

≥ d|N1|

(
0.5 −

1
d

)
− |N1|

≥
d − 4

2
|N1|

≥
d
3
|N1|,

where the last inequality uses the fact that d ≥ 12. But, since the total value

of each agent in N2 with respect to valuations v′ is exactly 1, there need to be

at least d
3 |N1| agents in N2 sharing this value, otherwise there would exist some

agent i ∈ N2 such that u′i(p) > 1. �

Theorem 28. For any problem instance, the value of ρ is O(22
√

log n) ⊆ o(nε) for any

constant ε > 0.

Proof. In order to prove this bound, we will repeatedly apply the result of

Lemma 27. Let p and p be the NSW maximizing outcomes in a problem instance

before and after some subset of the agents has been removed and, without loss

of generality, let v be the agent valuations normalized so that ui(p) = 1 for every

agent i, and v′ be the valuations normalized so that u′i(p) = 1.

By Definition 25, in an instance with utility monotonicity equal to ρ, there

exists at least one agent i ∈ N1 such that ui(p)/ui(p) = ρ or ui(p) = ui(p)/ρ. If ρ > 12,

then Lemma 27 would imply that there also exists a set N2 of at least ρ/3 agents

such that uk(p) ≤ 4uk(p)/ρ = 4/ρ for every k ∈ N2. Lemma 27, combined with

the existence of the set N2, in turn, implies the existence of an even larger group
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N3 of at least ( 1
3ρ) · ( 1

3ρ/4) agents, and each agent k ∈ N3 has value uk(p) ≤ 16/ρ.

Applying Lemma 27 a total of α times thus implies the existence of a set of at

least (ρ/3)α ·(1/4)α(α−1)/2 agents such that each such agent k has value uk(p) ≤ 4α/ρ.

Assume that there exists some instance for which ρ is at least 4
√

log n+1. If we

choose α =
√

log n, however, this implies the existence of (ρ/3)α · (1/4α(α−1)/2) ≥

4(
√

log n+1)·
√

log n/[(3/2)
√

log n · 2
√

log n·
√

log n] ≥ (8/3)
√

log n · n ≥ n agents of value at

most 4α/ρ ≤ 1/4. But, this would imply that all the agents have a value less than

1 in p, which contradicts the fact that p is a NSW maximizing solution because

the product in p is equal to 1. �

5.5.2 Lower Bound

We conclude with a lower bound showing that for a very carefully designed

family of instances, the upper bound of Theorem 28 is essentially tight.

Theorem 29. There exists a family of problem instances for which ρ∗ = Ω(2
√

log n/2).

Due to the complexity of the construction that yields Theorem 29, we defer

its description to Appendix B.1. To exhibit how we use KKT conditions to prove

that this elaborate construction implies the desired bound, we use the rest of this

section to apply this approach to the much simpler construction of the example

in Table 5.3, which yields a bound of ρ∗ ≥ 4/3.

Our lower bound construction in the appendix proceeds by building a family

of instances (parameterized by the number of agents n), and in each instance, we

define an “initial” setting in which all agents are present, and a “final” setting,

in which some agents have been removed. For each setting, we identify the
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Nash bargaining solution, respectively called the initial and final solution. We

focus on a particular agent, called the loser, who is present in both settings. We

show that the loser’s valuation drops by a multiplicative factor µ in going from

the initial to the final solution, and consequently, ρ ≥ 1/µ for that market and

ρ∗ ≥ 1/µ overall.

To prove a lower bound, we need to be able to verify that a given doubly

stochastic matrix is indeed the Nash bargaining solution of the instance at hand.

We do so using the KKT conditions, which allow us to interpret these solu-

tions as a form of market equilibrium. The optimization problem which yields

the Nash bargaining solution in one-sided matching markets, is shown below

(where m = n is used to denote the number of items):

max
n∑

i=1

log

 n∑
j=1

vi, j pi, j


such that: for all i :

m∑
j=1

pi, j ≤ 1

for all j :
n∑

i=1

pi, j ≤ 1

for all i, j : pi, j ≥ 0.

If t j is the dual variable related to each item j, and qi is the dual variable

related to each agent i in the above program, then the KKT conditions state that

for all j : t j ≥ 0, and t j > 0 =⇒

n∑
i=1

pi, j = 1 (5.3)

for all i : qi ≥ 0 and qi > 0 =⇒

m∑
j=1

pi, j = 1 (5.4)

for all i, j :
vi, j

t j + qi
≤

m∑
j=1

vi, j pi, j and

pi, j > 0 =⇒
vi, j

t j + qi
=

m∑
j=1

vi, j pi, j

(5.5)
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A B C A B C q A B C q
a 1 2 0 1 2 0 1 2/3 4/3 0 0
b 0 2 1 0 1 1/2 0 0 4/3 2/3 0
c 0 0 1 0 0 1 0

t 0 1 1 t 2/3 4/3 2/3

i. Agent valuations ii. Initial solution iii. Final solution

Table 5.4: Simple instance involving three agents: a, b, c; and three items; A, B,C.
The value of agent b in the Nash bargaining solution after the removal of agent
c drops by a factor of 4/3. Normalized values are depicted in (ii) and (iii))
along with prices t and q; these values are depicted in bold-face if the allocation
probability of the NSW solution is non-zero.

The KKT conditions are necessary and sufficient for the optimal solution

when the constraints are linear and the objective is convex, as is the case here.

To check whether a given candidate solution p is a Nash bargaining solution for

some instance, we first normalize the valuations so that
∑m

j=1 vi, j pi, j = 1 for all i.

Then, at a solution satisfying the KKT conditions we have vi, j = t j + qi if pi, j > 0

and vi, j ≤ t j +qi if pi, j = 0. Thus, a solution that satisfies these two conditions plus

conditions (5.3)–(5.4) is a Nash bargaining solution. Based on these conditions,

the values of t j can be interpreted as item-specific “prices” and the values of qi

as agent-specific “prices”, leading to an interpretation of the Nash bargaining

solution as a market equilibrium: to “buy” a pi, j fraction of item j, agent i needs

to spend (t j +qi)pi, j, and each agent prefers to buy only items with the best value

over price ratio (see condition (5.5)).

To illustrate the usefulness of these variables, which are used extensively in

the appendix, we revisit the instance of Table 5.3 where the items are named

A, B, and C; the bidders a, b, and c; and the unscaled valuations of the agents

appear in Table 5.4 (i).
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First, we observe that in the initial equilibrium (with all agents present),

a, b, c receive items A, B,C, respectively, each with probability 1. In Table 5.4(ii)

we show the normalized values of the agents in this equilibrium and we also

provide the dual variables t j for each item j and qi for each agent i. It is easy

to verify that the aforementioned KKT conditions are satisfied in this case and

hence this is indeed the Nash bargaining solution when all agents are present.

If agent c is removed, then the final equilibrium finds a receiving each of A

and B with probability 1
2 , while b receiving each of B and C with probability

1
2 . Table 5.4(iii) provides the scaled valuations and dual variable values for this

outcome, and it is again easy to verify that KKT conditions are satisfied. In this

example, bidder b is the loser. Using the valuations from Table 5.4(ii), her value

in the initial equilibrium was 1 and it dropped to 0.75 in the final equilibrium,

leading to ρ = 4
3 in this example.

5.6 Discussion

In this chapter, we defined the random partial improvement (RPI) mechanism

for one-sided matching markets without monetary transfers. RPI truthfully elic-

its the cardinal preferences of the agents, assigns each agent to an item, and

outputs a distribution over matchings that approximates every agent’s utility in

the Nash bargaining solution. Mechanisms assignment problems, such as the

house allocation problem, are used in a variety of contexts, including in pub-

lic sector settings where individuals and families are to be assigned to seats in

classrooms, low-income housing assistance programs, as well as assignment of

human resources such as doctors and teachers. There maybe hard constraints in

this setting – such as that we would like to assign each individual to a house or
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a doctor to a hospital – but we would also like to do so satisfying certain truth-

fulness, fairness, and efficiency criteria. The mechanism presented here adds to

this body of work by leveraging a random sampling technique.

We present a set of open questions and discussions related to our mecha-

nism and the house allocation problem below and provide a broader discussion

and a series of mechanism design questions inspired by public sector settings

in Part V. Our analysis of the mechanism proposed in this chapter suggests

several open questions and directions for future work. A natural open question

is whether there exists a truthful mechanism that can achieve a constant factor

approximation of the Nash bargaining benchmark. The main obstacle for the

RPI mechanism was the non-monotonicity of the Nash bargaining benchmark,

so it would be interesting to see if some other mechanism could circumvent

this issue. Alternatively, since the construction leading to the lower bound is

quite artificial, are there any natural assumptions regarding the valuations of

the agents that would mitigate the non-monotonicity?

Another interesting direction would be to study how the utilities of agents

in the CEEI outcomes compare to those of the Nash bargaining solution. Recall

that the CEEI and the Nash bargaining solution are equivalent in linear markets

without the matching constraint (Vazirani, 2007), but are different for matching

markets.

Our work provides a non-trivial mechanism aiming to approximate a well-

motivated ex-ante Pareto efficient outcome. One could also consider the de-

sign of truthful mechanisms aiming to approximate alternative benchmarks on

the ex-ante Pareto frontier. Natural candidates would be the utilitarian (or the

egalitarian) outcome which maximize the sum (or the minimum) of the agents’
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utilities. One drawback of these outcomes is that, unlike the Nash bargaining

solution, they are not scale invariant, but one could consider scaled variants of

their objectives, e.g., where the agent values are normalized so that
∑

j∈M vi, j = 1

for every agent i.

And, finally, we observe in simulations that RPI outperforms or gives com-

parable performance to RSD and PS, which are two widely-used and studies or-

dinal mechanisms in a broad range of settings. Specifically, it does so when the

ordinal preferences of agents are correlated but the cardinal intensity of these

preferences vary. These simulations are conducted on synthetic data, and it re-

mains an open question how well our mechanism does in data generated by real

instances. We can also test, by simulation how well our mechanism minimizes

envy-freeness and other fairness properties compared to these mechanisms. A

broad set of questions related to matching mechanisms is providing a cross-

demographic comparison of the performance: i.e., are there specific characteris-

tics to reports from certain under-served and disadvantaged communities, and,

if so, do truthful mechanisms tend to narrow disparities in performance? How

about ordinal versus cardinal mechanisms? How about mechanisms that are

simpler to explain?
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Part III

Improving Access to Information
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CHAPTER 6

OVERVIEW OF PART III

In Part III, we discuss how we can develop and deploy computational and

network-based techniques to improve access to information. This setting is dis-

tinct from that in Part II since we assume that information is not a finite or scarce

resource. Nonetheless, identifying what information individuals and commu-

nities need is made challenging by numerous other phenomena. We focus on

two salient issues here:

In Chapter 7, we note that due to data inequalities, there is a lack of knowl-

edge on the information needs of disadvantaged communities. In data sets that

can shed light on health information needs, communities on the margins of so-

ciety are often under-represented, mis-represented, or entirely missing. Focus-

ing on health in Africa, we explore how to use search data to help bridge this

information gap by studying what information individuals based in the con-

tinent seek related to HIV/AIDS, malaria, and tuberculosis. We use a mix of

computational, topic modeling, and information retrieval techniques to bring

to the surface the varied and unmet information needs of individuals. We fur-

ther show that there is are discrepancies in the quality of content provided to

users on search engines depending on the topic with which their searches are

associated. We provide an explanation of the policy and societal implications

of these findings. To our knowledge, this is the first-ever research study to use

large web and social media-based data to study health across all 54 nations in

Africa.

In Chapters 8 and 9, we focus on two challenges that remain even after

identifying the information needs of communities and individuals. In Chap-
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ter 8, we study the overexposure phenomena, where encountering information to

which one is not receptive may result in a negative outcome. For instance, in

anti-smoking campaigns, studies have shown that individuals exhibit varying

levels of susceptibility to different types of messaging and that exposure to ill-

suited campaign can in a sense “back-fire” (Wakefield et al., 2003). In light of

these findings, we revisit the classical influence maximization problem in a setting

where the objective function incorporates these negative outcomes of overexpo-

sure. We present a polynomial-time algorithm for targeting seed agents on a

network when we are not constrained by the number of individuals that can

belong in the seed set. On the other hand, we show that in the budgeted setting,

it is NP-hard to decide if there is a budgeted set yielding a positive payoff.

The diffusion of innovation literature has leveraged the structure of networks

to spread information that can improve societal welfare across communities.

Such efforts can be hampered by the structure of networks. In particular, in seg-

regated networks, information that easily spreads in one part of a network may

not reach another part. Often, this may be to the detriment of disadvantaged

groups that may not have access to the “core” part of the network. Segregation

is facilitated by homophily, or the tendency for individuals to form ties with

others that are similar to them. To push back against homophily, we seek to

harness the power of organic forces that may already exist and may be pushing

against segregation. In Chapter 9, we show that triadic closure, which has long

been believed to amplify segregation may, in fact, be a force that can alleviate

it. We analyze several fundamental network formation models to show sup-

porting evidence and present interventions that can nudge networks towards a

more integrated state informed by these findings. We discuss open questions

related to networks, inequality, and access to information in the corresponding
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discussion sections and Part V.
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CHAPTER 7

MEASURING ACCESS TO HEALTH INFORMATION IN DATA-SPARSE

REGIONS

New technologies and data-sources are constantly being leveraged to up-

grade and supplement the design, monitoring, and evaluation of health policy

in the developed world. There is, however, a substantial gap in the availability

and quality of health data between developing and developed nations. In many

developing nations, even when health-related information is collected, it is of-

ten neither comprehensive nor digitized. A 2014 regional report by the African

Union highlights this issue, noting:

Unless gaps are identified early and accurately, simply providing a

raft of general interventions will not meet the real health needs of

the people in the Region (Sambo, 2014).

This data inequality can be a roadblock to identifying major public health con-

cerns and implementing effective interventions. While targeted education ad-

dressing individuals’ health needs is a critical tool for combating disease, health

organizations and policy makers struggle to identify what knowledge individ-

uals in developing nations seek and whether their health information needs are

being met. It is especially urgent to understand how such needs vary by region

and demographic groups since the impact of diseases – their prevalence, pro-

gression, and transmission rates – as well as people’s disease knowledge and

attitudes vary regionally and demographically. Limited understanding of the

health information needs of individuals hinders the efficacy of targeted edu-

cation efforts such as gender- and age-specific programming (De Bruyn, 2000;

Germain, 2009; Global Fund, 2016; UNDP, 2015a,b).
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In this chapter, we take a step towards narrowing this gap, focusing on the

problem of identifying and measuring people’s everyday health information

needs, concerns, and misconceptions in the African continent. We use Bing

search queries originating in all 54 African nations to explore which themes

related to infectious disease people are most interested in getting information

about, as evidenced by their searches. We focus on HIV/AIDS, malaria, and tu-

berculosis because, together, these three diseases account for 22% of the disease

burden in sub-Saharan Africa (IHME, 2016).

Search data provide a wealth of information on people’s real-time activities,

experiences, concerns, and misconceptions relatively cheaply (Kern et al., 2016;

Paul and Dredze, 2017), allowing us to obtain potentially hard-to-survey infor-

mation in a bottom-up manner. In contrast, most data-driven efforts aimed at

mitigating the impact of disease in data-sparse regions, including the Global

Burden of Disease Study and the African Health Observatory, have used a top-

down approach, actively collecting data with a particular goal in mind (AHO,

2010; IHME, 2016). Such approaches, while helpful, are often limited in their

ability to provide a thorough and comprehensive overview of people’s infor-

mation needs, attitudes, and misconceptions. Existing bottom-up solutions to

this problem, such as the West Africa Health Organization’s study of health in-

formation needs in West Africa, primarily make use of manual interviews (Allen

et al., 2010). These approaches can obtain a comprehensive picture of individu-

als’ needs, but are difficult to scale, expensive, and time-consuming. Analyzing

search data is a natural candidate for scaling up and complementing studies not

only because it addresses some of these challenges, but also because search logs

have already been shown to contain large quantities of information related to se-

rious conditions in other contexts (De Choudhury et al., 2014; Paul and Dredze,
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2017). Despite the fact that Internet penetration in Africa is growing rapidly—

31% of the population is currently covered, with nearly 8,500% growth since

2000 (ITU, 2017)—to our knowledge, no prior work has looked specifically at

search data to understand health information needs in all African nations.

Our Results

We analyze Bing search data related to HIV/AIDS, malaria, and tuberculosis

from all 54 African nations. We uncover themes in which individuals are in-

terested using latent Dirichlet allocation (LDA), a standard generative model

for automatically extracting topics from text (Blei et al., 2003).1 The topics that

emerge cover basics such as symptoms, testing, and treatment, as well as hard-

to-survey topics such as stigma and discrimination, beliefs in natural cures and

remedies, and concerns about the impact of gender inequality in HIV trans-

mission. We explore the ways in which the popularity of these topics vary by

age, gender, and location. We expose patterns including that searches related to

pregnancy and breastfeeding and relatively more popular among women while

searches related to cure news are relatively more popular among men.

Delving into the content returned to users, we compare the organic search

results returned for different topics and quantify the discrepancies in the quality

of information returned to users. These results highlight unmet health informa-

tion needs, concentrated misinformation related to specific health topics, and

differences in user satisfaction by topic. We discuss the limitations of our ap-

proach, including the difficulty of extrapolating our observations to the wider

1We include discussions on measures taken to quantify and mitigate bias in this data collec-
tion as well as limitations in the discussion section as well as the corresponding appendix.
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population of Africa, and the danger of overlooking the health concerns of com-

munities who are not on the web. Finally, we highlight potential implications of

these analyses on health policy and education efforts both on- and off-line.

7.1 Data and Methodology

To generate the data set of HIV/AIDS queries, we first obtained all Bing search

queries containing at least one of the terms “HIV” or “AIDS” that originated

in any of the 54 African nations between January 2016 and June 2017. We con-

sider this time-period since data at the level of granularity described here was

available for this time period. Both mobile and desktop searches were retrieved.

Each query record in the data consisted of the raw search query, country of ori-

gin, and date, along with self-reported age and gender of the user when avail-

able. We scrubbed the data to remove HIPAA identifiers: names, addresses,

IP addresses, phone numbers, Bing user ids, among others. The data were

anonymized for Bing for business purposes prior to the researchers’ access. The

data sets of malaria and tuberculosis queries were generated in an analogous

manner, except with keywords “malaria” as well as “tb” or “tuberculosis.”

Figure 7.1 shows two heat maps for each disease. The top maps illustrate

the 2016 disease prevalence (for HIV) or incidence (for malaria/tuberculosis)

rates for each country, obtained from the World Bank Databank (WB, 2018).

The bottom maps illustrate the fraction of total searches made in each coun-

try that contain the specific disease terms. There is a high correlation between

the fraction of searches about a given disease in a particular country and the

disease rate. The Spearman correlation is ρ = 0.714 [0.689, 0.737] for HIV/AIDS,
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Figure 7.1: Top: Heat maps showing 2016 rates of (a) HIV/AIDS prevalence
(ages 15 - 49), (b) malaria incidence, and (c) tuberculosis incidence rates. Bottom:
Heat maps showing percentage of total search traffic containing the words (d)
“HIV” or “AIDS”, (e) “malaria,” and (f) “tb” or “tuberculosis”.

ρ = 0.402 [0.360, 0.442] for malaria, and ρ = 0.462 [0.422, 0.499] for tuberculosis.

Each correlation coefficient has p < 0.01. We view this as reassurance that search

queries filtered in this way are pertinent to the diseases in question.

Disease Topics. We extracted topics from each data set using LDA, a standard

generative statistical model in which each document (in our case, an individ-

ual search query) is a distribution over topics, and each topic is a distribution

over words (Blei et al., 2003). We used the implementation of LDA provided

by the Mallet package (McCallum, 2002) and the Differential Language Analy-

sis ToolKit as an interface to Mallet for further analysis (Schwartz et al., 2013,

2017). We retained all default parameters, with the exception of α, the prior on

the per-document topic distribution, which we set to 2 since search queries are

shorter than the documents for which LDA is typically used.
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The number of topics extracted is a free parameter that can be tuned. Choos-

ing a large number of topics leads to the discovery of highly specific topics that

overlap in theme, while choosing a small number leads to general, multi-theme,

and difficult to interpret topics (Schwartz and Ungar, 2015). Before running our

analyses, we ran LDA on each data set with different numbers of topics (10,

20, 50, 100, 200, 500, 1,000, and 2,000). Based on a manual inspection of inter-

pretability and coherence of topics by a health expert, we chose 100 topics for

the HIV/AIDS data set and 50 each for the malaria and tuberculosis data sets,

which are smaller than the HIV/AIDS data set. These topics were then labeled

by a health expert and manually inspected by the authors and checked for any

overlooked HIPAA identifiers.

We would ideally like to define representative queries as queries with high

weight for the topic. However, the existence of rare words or strings (such as

obscure URLs) in a query can result in a query having an artificially high weight

for a given topic (abnormally high probability of belonging to a single topic).

We thus excluded words that appear fewer than 10 times in the data set. For the

same reason, we removed all queries with two or fewer words since these often

contained similar issues. (Note that at least one of these must be the name of

the disease.)

Additional methods are described below alongside the corresponding re-

sults. All statistical significance tests were conducted by correcting for false

discovery rate with α = .05 of testing either 50 or 100 topics using the Benjamini-

Hochberg procedure (Benjamini and Hochberg, 1995).
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7.2 Analysis and Results

Our analyses reveal a rich set of themes. The topics output by LDA range from

those about standard health information, such as Symptoms, Drugs, and Epidemi-

ology, to those about hard-to-survey concerns, such as Stigma and Natural Cure.

Table 7.1 shows six sample topics for HIV/AIDS extracted from the data by

LDA, which were hand-chosen and labeled by a health expert to illustrate both

the breadth of themes that emerged from the analysis as well as the coverage

of hard-to-survey topics. We include the topics for malaria and tuberculosis in

the appendix. For the HIV/AIDS data set, the full list of topics additionally in-

cludes themes such as Transmission, Testing Kits, Testing Clinics, Gender Inequality,

Healthy Lifestyle, Disease Progression, and Celebrity Gossip. Likewise, the malaria

and tuberculosis data sets display a rich set of themes ranging from Patient Care,

and Pregnancy, to National Programs.

The second column in Table 7.1 provides a label for each topic along with

a measure of the frequency with which the topic occurs in the data. Specif-

ically, given θquery = p(topic|query), the values in parentheses correspond to∑
q∈query θq × p(q) over all queries, expressed as a percentage. This corresponds

to the popularity of the given topic. Some themes, such as breastfeeding, are

captured by more than one topic, so the overall frequency with which these

themes occur in the data is higher than the numbers suggest. The third column

presents the 20 most representative words, according to the posterior probabil-

ities of word given topic. The final column shows randomly selected queries

from among the 100 most closely related to the topic. We show a random sam-

ple of queries since the top few most highly ranked queries often differ by only

one letter or word. All typos in the queries are unaltered.
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Topic 20 Most Representative Words Sample Queries from Top
100

Symptoms
(2.28%)

pain, sign, lymph, swollen, nodes,
sore, symptom, symptoms, throat,
infection, body, back, positive,
pains, stomach, fever, neck,
headache, glands, patient

hiv painfull jaw
hiv swollen lymph nodes
hiv swollen gland throat
joints pain hiv

Natural
Cure
(0.74%)

cure, oil, black, healing, heal,
healed, seed, herbs, natural, cures,
moringa, kill, cured, testimonials,
coconut, traditional, god, garlic,
lemon, aloe

prophet bushiri hiv mira-
cles
hiv garlic lemon honey
coloidal silver hiv testi-
monials

Epidemiology
(0.59%)

statistics, report, 2015, global,
unaids, 2016, united, epidemic,
besigye, kizza, children, 2014,
progress, 2010, response, nations,
nigeria, prevalence, million, sa

unaids global aids report
mia khalifa hiv
hiv 2030

Drugs
(0.85%)

drug, treatment, patients, abuse,
therapy, drugs, resistance, an-
tiretroviral, substance, adherence,
alcohol, art, failure, spread, leads,
patient, relationship, transmis-
sion, effect

stanford hiv drug resis-
tance
hiv drug therapy resis-
tance
virological failure hiv

Breastfeeding
(0.66%)

positive, baby, mother, breastfeed-
ing, breast, mothers, child, born,
feeding, babies, birth, give, breast-
feed, infant, infected, feed, milk,
pregnant, safe, exposed

hiv exclusive fomular
feeding
exclusive breast feeding
and hiv
hiv mom can breast feed
baby

Stigma
(0.46%)

stigma, issues, discrimination, re-
lated, ethical, legal, prevention,
safety, pdf, workplace, relating,
precaution, work, dies, surround-
ing, universal, reduce, address

hiv aids ethical dilema
safty issues relating to
hiv-aids
aids stigma in garissa

Table 7.1: Sample LDA topics for the HIV/AIDS data set with representative
words and sample queries.
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7.2.1 Topic Prevalence by Region and Demographics

We explore whether health information needs, manifested as search queries,

vary by country and user demographics. Due to space limitations, we only

present results for queries related to HIV/AIDS. The corresponding results for

malaria and tuberculosis can be found in the appendix.

For each of the six HIV/AIDS topics listed in Table 7.1, we estimate the num-

ber of times an HIV/AIDS topic is queried relative to the overall number of

queries for HIV/AIDS for the country. We call this quantity topic prevalence

and denote it by prevalence(topic|country), which is a measure of the frequency

with which a topic is mentioned in queries from a given country. To estimate the

prevalence, we need two values—the frequency the topic is searched for in the

country and the overall number of searches for any topics in the country. We do

not have the exact number of times a topic is mentioned, but we can estimate the

frequency with which the topic is used by utilizing the words associated with

a topic using the posterior probabilities, derived from LDA, of a topic given a

word, p(topic|word). We then combine these estimated counts with the rela-

tive frequencies of a word given a country, frequency(word|country) to get the

overall prevalence of the topic in the country:

∑
word∈country

p(topic|word) × frequency(word|country)

Here, frequency(word|country) is derived from maximum likelihood estima-

tion given all words used in queries from the country: the ratio of the number

of times a word appears and the total count of all words for the country.2

2Since we use an estimate of the number of times a topic is searched for, we provide results
for estimating frequency differently, namely by considering only the top 50 words associated
with a topic ranked by p(topic|word), in the appendix. We obtain qualitatively similar results
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Topic Prevalence by Country. To explore the association of topic prevalence

with the adult HIV prevalence rates across countries, we ran a linear regression

using the prevalence values for each of the 100 topics within a given country as

the explanatory variables and the 2016 HIV prevalence rate in that country as

the dependent variable. (Note that throughout this text, we consider the adult

HIV prevalence rate, which is set to ages 15-48, but simply refer to it as the HIV

prevalence rate.) Of the six topics listed in Table 7.1, we found a significant

relationship between the Stigma topic and the HIV prevalence rate (r = 0.473;

multi-test corrected p < 0.01), as illustrated in Figure 7.2.

.

Figure 7.2: Comparison between topic popularity of Stigma in each country with
the log of the 2016 adult HIV prevalence rate. Countries with higher topic pop-
ularity for Stigma tend to have higher HIV prevalence rates.

The observation that the popularity of the Stigma topic is correlated with

HIV prevalence is consistent with findings from the public health literature. In

particular, smaller-scale studies (often based on survey data), have shown that

HIV-related stigma can lead to more risky behavior, lower testing rates, and de-

when we consider all the words or the top words to estimate the frequency the topic is searched
for in a country.
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creased adherence to antiretroviral therapy, all of which increase transmission

rates (Chan and Tsai, 2015; Genberg et al., 2009). An outlier in the above fig-

ure, Stigma is nearly twice as frequent in Botswana as in Lesotho, despite the

two countries having comparable HIV prevalence rates (22.2% versus 22.7%).

This is consistent with literature indicating that Botswana has struggled with

discrimination issues including proposals for mandatory HIV testing (Sarumi

and Strode, 2015). Similarly, Swaziland is also known to have one of the high-

est rates of HIV prevalence, as well as stigma surrounding the disease (Root,

2010). Further, despite high HIV prevalence rates, the level of stigma has been

declining in South Africa, in part due to targeted HIV destigmatization efforts

(Mbonu et al., 2009).

Other topics also exhibit variance in popularity by country. To explore

this, we ran a logistic regression for each country, with the standardized topic

weights (distribution) of a given search query as the explanatory variables and

a binary dependent variable indicating whether or not the query originated in

that country. There is a notable contrast in the popularity of queries associated

with the Natural Cure topic across the countries. For instance, the Natural Cure

topic is popular in Malawi (β = 0.05; p < 0.05), which has a relatively high

HIV prevalence rate of 10.6, and in Botswana (β = 0.07; p < 0.01), which has

an HIV prevalence rate of 22.2%. In Mozambique, which has an HIV preva-

lence rate of 11.5%, the popularity of the Natural Cure topic is relatively low

(β = −0.07; p < 0.01).

Topic Prevalence by User Demographics. To explore topic popularity by gen-

der, we ran a logistic regression with the topic weights of a given search query

as the explanatory variables and the self-reported gender of the user as the
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Ages 18–24 (0.083): symptoms, signs, early, women, men, infection, stages,
months, symptoms, earliest, children, major, syptoms, systoms, rare
Ages 25–34 (0.070): positive, negative, partner, person, man, sex, woman, tested,
im, infected, pregnant, baby, husband, wife, infect
Ages 35–49 (0.063): cure, latest, news, research, treatment, discovery, today, vac-
cine, update, 2015, 2016, 2017, google, breakthrough, recent

Women (0.115): positive, baby, mother, breastfeeding, breast, mothers, child,
born, feeding, babies, birth, given, breastfeed, infant, infected
Men (0.133): cure, news, 2016, latest, vaccine, breaking, 2017, www, develop-
ment, today, headline, updates, breakthrough, found, feb

Table 7.2: Popular topics by age and gender for the HIV/AIDS data set.

dependent variable, limiting ourselves to those queries for which user demo-

graphic information was available. Similarly, to explore topic popularity by

age group, we ran an ordinary least squares linear regression, again with the

topic weights of a given search query as the explanatory variables, but now

with users’ self-reported age group as the dependent variable. We then ordered

the topics by their respective correlation coefficients. The fifteen words with the

highest weight from the top ranked topic for each group are shown in Table 7.2.

Our analysis reveals that topics related to news on HIV/AIDS cures are

more popular among men, as well as the 35–49 age group. Topics related to

breastfeeding, pregnancy, and family care are more popular among women. For

the 18–24 and 25–34 age groups, topics related to symptoms are more popular.

Among the former group, topics related to the socioeconomic implications of

HIV/AIDS, such as gender inequality, are more popular, while topics related to

concerns about transmission to partner and child are more popular among the

25–34 age group.3

3Some themes appear in more than one topic. When we identify a novel pattern relating a
particular topic to demographics or location in the data (e.g., “breastfeeding is more popular
among women”), we confirmed the same pattern exists for the most similar topics. To measure
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Women Ages 18–24 Ages 25–34 Ages 35–49
Symptoms -0.052** 0.000 -0.019* -0.018*
Natural Cure -0.010 -0.050** -0.018* 0.043**
Epidemiology -0.052** -0.080** -0.019* 0.019*
Drugs -0.016 -0.020** -0.041** 0.030**
Breastfeeding 0.115** -0.031** 0.061** -0.008
Stigma 0.025** 0.032** -0.047** 0.004

Table 7.3: Topic popularity by user demographics for the HIV/AIDS topic.

Finally, we looked at the topic popularity of the six topics of interest from

Table 7.1. Table 7.3 lists the correlation coefficients, where ∗∗ indicates a p-value

of less than 0.01 and ∗ indicates a p-value of less than 0.05.

We again confirm Breastfeeding has a higher correlation coefficient for women

than for men and for the 25–34 age group compared to the other age groups.

Less expected, women and users aged 18–24 are more interested in Stigma com-

pared to their demographic counterparts. Natural Cure has the highest popular-

ity among the oldest age group (35–49), and the lowest among the youngest age

group (18–24). Despite expressing higher interest in Natural Cure, the 35–49 age

group also has more interest in Drugs compared to the other age groups.

7.2.2 User Behavior and Quality of Results

We examine whether user behavior and the quality of search results returned

vary across different topics. Differences here would highlight unmet health in-

formation needs, concentration of misinformation related to specific topics, and

differences in user satisfaction by topic.

similarity between topics, we calculate the pairwise hamming distance between topics using the
top 20 most representative words. If the observed pattern does not hold across similar topics,
we omit the pattern from our positive findings.
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We used an expanded version of our HIV/AIDS data set consisting of only

those queries that were made during June 2017. In addition to raw queries,

country, and search date, this data set contains a list of the first 10 organic web

pages returned to the user for each query. It also contains information about

which web pages the user clicked on, the amount of time spent on each web

page, and the total time spent on the results page, the page containing the ten

initial links presented to a user after entering a search query.

To compare user behavior across topics, we focused on several standard met-

rics from the information retrieval literature (Manning et al., 2010). Dwell time

measures the total amount of time a user spends looking at the results page and

any links that are followed. Click count is the total number of links on which

a user clicks.4 Note that these metrics can be used to measure various proper-

ties related to user engagement and satisfaction. For instance, dwell time can

be used to measure both interest in a web page and ease-of-use, depending on

the context and intent of the search query. In our study, we use these metrics

to measure user activity. Specifically, we are interested in measuring whether

there is variance in user activity by topic as measured by these metrics.

Plots (a) and (b) in Figure 7.3 show how these metrics vary by topic. Both

dwell time and click count are significantly lower for the Natural Cure topic

compared with the other topics of interest. That is, on average, users issuing

queries related to the Natural Cure topic spend less time exploring the results

page and click on fewer links. There are many reasons why this may be the

case. It could simply be selection bias—perhaps different types of users search

4We also examined successful click count, which measures the number of pages a user clicks
on with dwell time at least 30 seconds, and maximum dwell time, which measures the maximum
amount of time spent on a web page. Results for these are similar to the click count and dwell
time results, respectively.
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Figure 7.3: Average (a) click count and (b) total dwell time for queries associated
with HIV/AIDS topics of interest. The vertical line represents the mean value
across topics.

for queries related to the Natural Cure topic compared with Epidemiology, Drugs,

or other topics. It could be that users seeking information related to the Natural

Cure topic find the information they are seeking faster. Another possibility is

that the quality of information returned could vary by query.

To examine variance in the quality of content returned, for each of the topics

in Table 7.1, we extracted the first link returned to the user at the top of the web

results page for each of the 30 queries most strongly associated with the topic.

We consider only distinct user/query pairs, which means we ignored duplicate

queries from the same user. Each resulting link was independently evaluated

for quality (described in terms of relevance, accuracy, and objectiveness, as is

standard in information retrieval (Hasan and Abuelrub, 2011)) and was ranked

by three research assistants on a scale of 1 to 5, with higher values indicating

better quality. The research assistants who provided rankings have graduate-

level training in medicine or public health, and each website was evaluated by

at least one research assistant specializing in the disease of interest. We took the

average of these three ratings as the rating for a web page.
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Figure 7.4: Average quality of content of web pages returned to users for the 30
queries most strongly associated with each HIV/AIDS topics of interest.

Figure 7.4 shows the average rating across all links and all raters for each

topic. On average, the quality of links returned for queries related to the Nat-

ural Cure topic is low, with an average quality rating of 1.45. In contrast, links

returned for queries related to the Stigma, Breastfeeding, and Drugs topics have

much higher average quality ratings (4.22, 4.36, and 3.99, respectively). A t-test

comparison between Natural Cure with each of these topics yields p < 0.01. Re-

sults for malaria and tuberculosis are similar. Consistent with prior research on

H1N1 outbreaks (Hill et al., 2011), the quality of content that is returned to users

varies by topic, especially when we compare Natural Cure vs. Drugs. The fig-

ures below show partial result pages shown based on real and popular search

queries from users. Note that the discrepancy in the average quality of results

persists across the Google search engine as well.

Our analysis could also be used to investigate the quality and volume of in-

formation available to individuals with different health information needs. To

get a sense for how much high-quality public health information on natural

cures for HIV/AIDS is available, we used the queries most highly associated

120



Figure 7.5: Sample result pages shown for two real search queries on the Bing
search engine.

with the Natural Cure and Drugs topics on Bing to search authoritative websites

on HIV/AIDS. The authoritative websites include the World Health Organiza-

tion (WHO), the Joint United Nations Programme on HIV/AIDS (UNAIDS), the

Center for Disease Control and Prevention (CDC), and the National Institutes

of Health (NIH). We posed each of the top 30 queries for Natural Cure in turn

to each of the aforementioned authoritative websites and noted the number of

web pages that were returned on each website for each query. We performed the

same actions for the Drugs topic. We then reported the average number of web

pages available for the 30 queries corresponding to the two topics by website.

We found that on the CDC site, there were an average of 56, 705.85 web pages

corresponding to Natural Cure (over the 30 queries corresponding to the topic)
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compared to 258,948.6 for the top 30 queries for Drugs (p = 0.01). Similarly, for

the NIH site, there were 91, 840.8 and 456, 982.3 (p = 0.00); for the WHO, there

were 46, 600.1 and 305, 528.2 (p = 0.00); and for UNAIDS, there were 8, 926.5 and

65, 954.0 (p = 0.02) web pages for Natural Cure and Drugs, respectively. By this

measure, there are consistently fewer high-quality documents for natural cures

than for pharmaceutical drugs on authoritative websites.

7.3 Discussion

In this chapter, we have shown that search data, with well-chosen analyses,

can provide valuable insights into the health information needs, concerns, and

misconceptions of individuals across Africa. Such analyses can complement ex-

isting top-down approaches and allow us to narrow the gap in available health

data between developing and developed nations. We conclude with a discus-

sion of the limitations of our techniques as well as implications and next steps

for future work.

Limitations. There are several limitations to using search data. First, the Bing

users we study – and Internet users in general – are not a representative sam-

ple of the entire population of Africa, as is the case with most work reliant on

large Web- and social-media based data. Throughout this work, we have in-

cluded analyses which give evidence that the data is associated with the dis-

eases at hand. However, since ground-truth data, and especially disaggregated

by demographics, is hard to come by due to the health data gap, we are fur-

ther limited in our ability to measure the representativeness of this data. It is

therefore challenging to extrapolate observations obtained through the analysis
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of search data to the wider population of countries, and the health concerns of

entire communities who are not on the web could be overlooked. Still, many

findings corroborated previous smaller scale studies using representative sam-

ples. This concern will diminish as Internet penetration continues to grow, but

the studied population will never be fully representative. A second limitation

is that the results of this study depend on proprietary data from Bing which can

limit the ability for health organizations to extend the research.

Another limitation is the use of imprecise language in search queries, as well

as queries in languages other than English. An initial exploration of the Bing

query logs showed that many users search for HIV/AIDS, malaria, and tubercu-

losis by their English names, but it is likely that the filtering method we used still

led us to exclude many relevant searches. Furthermore, the excluded searches

are more likely to come from regions in which the use of English names is less

common, further biasing the data collection. These concerns could be amplified

for other illnesses, such as respiratory infections, which have multiple common

names in different languages and for which users commonly search for symp-

toms instead of the disease name itself. A multi-language approach would be

necessary to more fully extract all of the information on individuals’ health in-

formation needs that is captured in search data.

Practical Implications. Our methods have great potential to inform targeted ed-

ucation efforts in data-sparse regions. Gender and age impact an individual’s

chance of contracting HIV/AIDS, malaria, or tuberculosis (Germain, 2009), and

health information needs are often specific to demographic groups and geo-

graphic locations. For these reasons, stakeholders have emphasized the need for

gender-responsive and age-responsive programming in resource-constrained
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regions. Efforts to understand health information needs in developing nations

by demographic group have mostly used surveys and interviews, which are

limited in their scale (Abimanyi-Ochom et al., 2017; Li et al., 2004; Wang et al.,

2008). Search data allows us to study health needs at a much larger scale.

Search engines themselves could potentially be an effective platform for im-

plementing targeted interventions to improve access to health information. For

instance, gender- or age-specific targeted advertisements for health campaigns

could be triggered by queries associated with specific health topics. Insights gar-

nered from the analysis of search data could help health organizations prepare

material and develop interventions aimed at regions where specific misconcep-

tions are especially common. These interventions could take the form of high-

lighted high-authority links to discourage misinformation, advertisements for

support groups triggered by searches related to stigma, or advertisements for

testing clinics for testing-related searches. Recent work has studied the poten-

tial to use computational techniques to combat health misinformation on social

media (Ghenai and Mejova, 2018).

Search data could also be used to monitor other aspects of public health,

for example by providing marketing surveillance for new medications or mea-

suring the impact of public health campaigns. In principle, search engines and

health organizations could also work together on case finding, a strategy that

directs resources at individuals or groups suspected to be at risk for a particular

disease, which is a key strategy in communicable disease outbreak manage-

ment. Of course, this pursuit would need to be handled with great care, with

consideration for the risks and ethics involved.

Finally, as it is detailed and available in real time, search data could be es-
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pecially valuable for monitoring the impacts of emerging health concerns in

developing nations. For instance, noncommunicable diseases such as cancer,

cardiovascular disease, and diabetes are of growing concern due to the expan-

sion of the middle class in developing countries and a lack of resources and

programs aimed at minimizing their impact (Sambo, 2014). Since the portion of

the population affected by these diseases is likely to have Internet access, search

data could play an instrumental role in understanding attitudes about these dis-

eases, implementing interventions to improve access to health information, and

highlighting overlooked aspects of the impacts of these diseases.
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CHAPTER 8

OVERCOMING CHALLENGES IN WORD-OF-MOUTH

RECOMMENDATIONS

A rich line of work studies the effectiveness of spreading ideas and inno-

vations based on person-to-person recommendation within a social network

— a process often termed word-of-mouth recommendations (Jurvetson, 2000) and

closely connected to the broader sociological literature on the diffusion of inno-

vations in social networks (Rogers, 1995). A key genre of theoretical question

that emerged early in this literature is the problem of optimally “seeding” an

innovation – such as relevant information or a product – in a social network

through the selection of a set of initial adopters (Domingos and Richardson,

2001; Kempe et al., 2003; Richardson and Domingos, 2002). This strategy has

been leveraged in a variety of contexts, ranging from health campaigns to viral

marketing. Within health, campaign strategies relying on word-of-mouth rec-

ommendations have demonstrated efficacy in contexts including vaccinations,

West Nile virus education, healthy life-styles, health behavior related to HIV,

and many other examples (Averett et al., 2005; Compton and Pfau, 2009; Fox

et al., 2006; Gelb and Johnson, 1995; Zimbardo and Leippe, 1991).

In word-of-mouth recommendations, a designer – such as a health author-

ity or a firm – that has an innovation, whether in the form of information or a

product, aims to see this innovation adopted by a group of agents on a social

network. It is often the case that the designer cannot target all the participants

in the network, and so they seek to target the most influential ones so as to

maximize exposure and create a cascade of adoptions. Approaches to this ques-

tion have generally been based on objective functions in which the goal is to
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maximize the number of people who are reached by the network cascade — or

more generally, in which the objective function monotonically increases in the

number of people reached. In this chapter, we explore a question motivated by

health campaigns: how does one diffuse innovation over a network when there

may be agents who are not susceptible to the innovation and whose exposure

to this innovation may be costly to the designer.

The dangers of overexposure. Research in both public health campaigns and

marketing has provided diverse evidence that the benefits of a word-of-mouth

recommendations are not in fact purely increasing in the number of people

reached. An influential example of such a finding is the Groupon effect, in which

viral marketing via Groupon coupons led to lower Yelp ratings (Byers et al.,

2012). This research notes the negative effect Groupon had on average Yelp rat-

ings and provides arguments for the underlying mechanism; one of their cen-

tral hypotheses is that by using Groupon as a matchmaker, businesses may be

attracting customers from a portion of the population that is less inclined to like

the product. In another example, Kovcs and Sharkey (2014) discuss a setting

on Goodreads where books that won prestigious awards (or are short-listed for

them) attracted more readers following the announcement, which again led to a

drop in the average rating of the book on the platform. Aizen et al. (2004) show

a similar effect for on-line videos and other media; they received a discontin-

uous drop in their ratings when a popular blog linked to them, driving users

to the item who may not be interested in it. Research in marketing has shown

that exposure to different groups and influence between such groups can help

or hurt adoption (Berger and Heath, 2007; Hu and den Bulte, 2014; Joshi et al.,

2016). For example, Hu and den Bulte (2014) argue that agents adopt prod-

ucts to boost their status; and so as word-of-mouth effects for a product become
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stronger among middle-income individuals, there might be a negative impact

on adoption among higher-income individuals. Similar behavior is observed in

health campaigns. For instance, research on anti-smoking or drugs campaigns

such as DARE has shown that targeting information to populations that are not

receptive to it can have negligible effects and might even have a negative im-

pact, costing the designer both in the expenses of targeting and achieving the

opposite of the desired outcome (Hamilton, 1997). Indeed, researchers in pub-

lic health have long discussed the importance of segmenting populations and

exposing groups to anti-smoking campaigns whose themes the group is most

susceptible to in order to maximize the impact of future campaigns (Wakefield

et al., 2003).

We think of these effects collectively as different forms of overexposure; while

reaching many potential agents on a network is not a concern in and of itself,

the empirical research above suggests that there may exist particular subsets of

the population — potentially large subsets — who will react negatively to the

innovation. When a word-of-mouth cascade reaches members of this negatively

inclined subset, the campaign can suffer negative payoff that may offset the

benefits it has received from other parts of the population. This negative payoff

can come in the form of harm to the designer’s reputation, perhaps through

latent population impressions and efficacy of future campaigns, (Cravens et al.,

2003; Cretu and Brodie, 2007).

Despite the importance of these considerations, this overexposure phenom-

ena has not been incorporated into models of influence-based word-of-mouth

recommendations in social networks. In this chapter, we ask what types of algo-

rithmic issues arise when we seek to spread a word-of-mouth cascade through a
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network, but must simultaneously ensure that it reaches the “right” part of the

audience — the potential individuals who will like the innovation, rather than

those who will react negatively to it?

Our Results

In this chapter, we propose a basic theoretical model for the problem of seeding

a cascade when there are benefits from reaching positively inclined individuals

and costs from reaching negatively inclined individuals. Note that while this

model, and the set of questions considered here, are inspired by health cam-

paigns and marketing, they may be applicable in a broad range of domains

where word-of-mouth recommendations may be an effective means for diffus-

ing innovations.

There are many potential factors that play a role in the distinction between

positively and negatively inclined individuals, and for our model we focus on

a stylized framework in which each innovation has a known parameter φ in the

interval [0, 1] that serves as some measure for the breadth of its appeal. At this

level of generality, this parameter could serve as a proxy for a number of things,

including quality, a normalized measure for the likelihood that an individual

will find the information compelling, or – in the case where the social network

represents a population defined by a specific interest – compatibility with the

core interests of network’s members.

Each node in the network is an agent who will evaluate the innovation when

they first learn of it; agents differ in how critical they are of new innovations,

with agents of low criticality tending to like a wider range of innovations and

agents of high criticality tending to reject more innovations. Thus, each agent i
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has a criticality parameter θi in the interval [0, 1]; since we assume that the de-

signer has a history of spreading innovations to this network over a period of

time, it knows this parameter θi for each agent i. When exposed to an innova-

tion, an agent accepts the innovation if φ ≥ θi and announces the innovation to

their neighbors, leading to the potential for a cascade. However, if φ < θi, then

the agent rejects the innovation, which results in a negative payoff to the de-

signer; the cascade stops at such agents i, since they do not announce it to their

neighbors.

The designer’s goal is to seed the innovation to a subset of the nodes in the

network — the seed set — resulting in a potential cascade of further nodes who

learn about the innovation, so as to maximize its overall payoff. This payoff

includes a positive term for each agent i who sees the innovation and accepts it

since φ ≥ θi, and a negative term for each agent i who sees the innovation and

rejects it since φ < θi; agents who are never reached by the cascade never find

out about the innovation, and the designer gets zero payoff from them.

We obtain theoretical results for two main settings of this problem: the un-

budgeted case, in which the designer can initially announce the innovation to an

arbitrary seed set of nodes, and the budgeted case, in which the designer can seed

the project to at most k nodes, for a given parameter k. We note that typically

in influence maximization problems, the unbudgeted case is not interesting: if

the payoff is monotonically increasing in the number of nodes who are exposed

to the innovation, then the optimal unbudgeted strategy is simply to show the

innovation to everyone. In a world with negative payoffs from overexposure,

however, the unbudgeted optimization problem becomes non-trivial: we must

tradeoff the benefits of showing the innovation to individuals who will like it
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against the negatives that arise when these individuals in turn share it with oth-

ers who do not.

For the unbudgeted problem, we give a polynomial-time algorithm for find-

ing the optimal seed set. The algorithm uses network flow techniques on a

graph derived from the underlying social network with the given set of pa-

rameters θi. In contrast, we provide an NP-hardness result for the budgeted

problem.

We then provide a natural generalization of the model: rather than each

agent exhibiting only two possible behaviors (rejecting the innovation, or ac-

cepting it and promoting it), we allow for a wider range of agent behaviors.

In particular, we will assume each agent has three parameters which control

whether the agent ignores the innovation, views but rejects the innovation, ac-

cepts the innovation but does not broadcast it to its neighbors, and accepts the

innovation and announces it to neighbors. We show how to extend our results

to this more general case, obtaining a polynomial-time algorithm for the unbud-

geted case and an NP-hardness result for the budgeted case.

Finally, we perform computational simulations of our algorithm for the un-

budgeted case on sample network topologies derived from moderately-sized

social networks. We find an interesting effect in which the performance of the

optimal algorithm transitions between two behaviors as φ varies. For small φ

the payoff grows slowly while a baseline that promotes the innovation to ev-

ery agent i with θi < φ achieves negative payoff (reflecting the consequences

of overexposure). Then, for large φ, the payoff grows quickly, approaching a

simple upper bound consisting of all i for which θi < φ.
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8.1 Preliminaries

There is an innovation with a parameter φ ∈ [0, 1], measuring the breadth of its

appeal. G is an unweighted, undirected graph with n agents as its nodes. For

each agent i, the agent’s criticality parameter θi ∈ [0, 1] measures the minimum

threshold for φ the agent demands before adoption. Thus, higher values of θi

correspond to more critical agents. We assume that these values are fixed and

known to the designer.

The designer chooses an initial set of agents S ⊆ V to “seed” with the inno-

vation. If an agent i sees the innovation, it adopts it if θi ≤ φ and rejects it if

θi > φ. We say that an agent i is accepting in the former case and rejecting in the

latter case. Each accepting agent who is exposed to the innovation announces it

to their neighbors, who then, recursively, are also exposed to the innovation. We

will assume throughout that the designer chooses a seed set consisting entirely

of accepting nodes (noting, of course, that rejecting nodes might subsequently

be exposed to the innovation after nodes in the seed set announce it to their

neighbors).

We write V(S ) for the set of agents exposed to the innovation if the seed set is

S . Formally, V(S ) is the set of all agents i who have a path to some node in j ∈ S

such that all of the internal nodes on the i- j path are accepting agents; this is

the “chain of recommendations” by which the innovation reached i. Among the

nodes in V(S ), we define V+(S ) to be the set of agents who accept the innovation

and V−(S ) to be the set of agents who reject the innovation.

132



The payoff function associated with seed set S is

π(S ) = |V+(S )| − |V−(S )|. (8.1)

We can, more generally, assume that there is a payoff of p to accepting the in-

novation and a negative payoff of q to rejecting the innovation, and we set the

payoff function to be

π(S ) = p|V+(S )| − q|V−(S )|. (8.2)

We will call this the generalized payoff function, and simply refer to Equation 8.1

as the payoff function. The overarching question then is:

Problem 30. Given a set of agents V with criticality parameters θi (i ∈ V) on

a social network G = (V, E), and given an innovation of quality φ, what is the

optimal seed set S ⊆ V that the designer should target in order to maximize the

payoff given by Equation (8.2)?

In contrast to much of the influence maximization literature, we assume that

the agents’ likelihood of adoption, once exposed to this innovation, is not af-

fected by which of their neighbors have accepted or rejected the innovation.

This differs from, for instance, models in which each agent requires a certain

fraction (or number) of its neighbors to have accepted the innovation before

it does; or models where probabilistic contagion takes place across the edges.

These all form interesting directions for further work; here, however, we focus

on questions in which the intrinsic appeal of the innovation, via φ, determines

adoption decisions, and the social network provides communication pathways

for other agents to hear about the innovation.

Before proceeding to the main result, we develop some further terminology

that will be helpful in reasoning about the seed sets.
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Definition 31. Let i be an accepting node, and let S = {i}. Then we say that V(S )

is the cluster of i, denoted by Ci; we call V+(S ) the interior of Ci and denote it by

Co
i , and we call V−(S ) the boundary of Ci and denote it by Cb

i .

We denote the payoff corresponding to the seed set S = {i} by πi. Note that,

πi = p|Co
i | − q|Cb

i |.

Lemma 32. Given an accepting node i ∈ V , and a node j ∈ Co
i , we have Ci = C j.

Proof. If j is in the interior of Ci, then there exists a path (k1, k2, · · · , k`) in G, where

i = k1 and j = k` such that each node along the path has θ ≤ φ. That is, each node

ki is exposed to and accepts the innovation as a result of ki−1’s advertisement. We

would like to prove that if S = { j}, then i would be exposed to the innovation.

Equivalently, we want to show there exists a path from j to i of nodes with θ ≤ φ;

but this is precisely the path (k`, k`−1, · · · , k1). �

For an arbitrary seed set S , the set V(S ) may consist of multiple interior-

disjoint clusters, which we label by {C1,C2, · · · ,Ck}, where k ≤ |S |. Note that

each of these clusters might be associated with more than one agent in the seed

set and that ∪k
i=1Ci = V(S ). (Likewise, ∪k

i=1C
o
i = V+(S ) and ∪k

i=1C
b
i = V−(S ).)

Given a seed set S and corresponding clusters, a direct consequence of

Lemma 32 is that adding more nodes already contained in these clusters to the

seed set does not change the payoff.

Lemma 33. Given a set S ′ of accepting nodes such that S ⊆ S ′ ⊆ V(S ), we have

π(S ) = π(S ′).
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It therefore suffices to seed a single agent within a cluster. Given a cluster

Ci, we will simply pick an arbitrary node in the interior of the cluster to be the

canonical node i and use that to refer to the cluster even if Ci is formed as a

result of seeding another node j ∈ Co
i .

8.2 Modeling Overexposure in Networks

In this section, we tackle the optimization question posed earlier. We first tackle

a basic setting where agents are only one of two types. We then use this as a

building block for a more general model.

8.2.1 Main Model

Given that all θi are known to the designer, a naive approach would suggest to

seed all i where πi ≥ 0. While this is guaranteed to give a nonnegative payoff, S

need not be optimal.

Example 34. Consider the graph below, where nodes in blue accept the innova-

tion and those in red reject the innovation.

1

2

3

4

5

6

7

Suppose p = q = 1. Then, a naive approach would set S = ∅, since each of

the resulting clusters to the blue nodes has negative payoff. However, setting
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S = {1, 2, 6, 7} has payoff 1.

This phenomenon is a result of the fact that the clusters Ci might have bound-

aries that intersect nontrivially. Thus, there could be agents whose πi < 0, but Cb
i

is in a sense “paid for” by seeding other agents; and hence we could have a net-

positive payoff from including i subject to seeding other agents whose cluster

boundaries intersect with Cb
i . Using this observation, we will give a polynomial-

time algorithm for finding the optimal seed set under the generalized payoff

function using a network flow argument. We first begin by constructing a flow

network.

Given an instance defined by G and φ, we let {C1,C2, · · · ,Ck} be the set of all

distinct clusters in G, with disjoint interiors. We form a flow network as follows:

set A = {1, 2, · · · , k} corresponding to the canonical nodes of the clusters above

and R be the set of agents in the boundaries of all clusters. We add an edge from

the source node s to each node i ∈ A with capacity p · |Co
i | and label this value

by capi, and an edge from each node j ∈ R to t with capacity q. We add an edge

between i and j if and only if j ∈ Cb
i , and set these edges to have infinite capacity.

We denote this corresponding flow network by GN .

Example 35. For the above example, GN is

1, 2

6, 7

3

4

5

s t

In this example, the edges out of s have capacities 2p and edges into t have

capacities q. Edges between blue and red notes have infinite capacity. Assuming

4p ≥ 3q, the min-cut (X,Y) has Y = {t} and all other nodes in X.
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Lemma 36. Given a min-cut (X,Y) in GN , the optimal seed set in G is A ∩ X.

Proof. The min-cut (X,Y) must have value at most q|R| since we can trivially

obtain that by setting the cut to be (V(GN)\{t}, {t}). Given a node i ∈ X, which we

recall corresponds to the canonical node of a cluster, if a node j ∈ R is exposed

to the innovation as a result of seeding any node in the cluster, then j ∈ X.

Otherwise, we would have edge (i, j) included in the cut, which has infinite

capacity contradicting the minimality of the cut (X,Y). Therefore, the min-cut

will include all nodes in the seed set as well as all nodes that are exposed to the

innovation as a result of the corresponding seed set in S .

Note that the edges across the cut are of two forms: (s, i) or ( j, t), where i ∈ A

and j ∈ R. The first set of edges contribute
∑

i∈A∩Y capi (recall capi = p · |Co
i |) and

the latter contributes |R ∩ X|q. Therefore, the objective for finding a min-cut can

be equally stated as minimizing,

∑
i∈A∩Y

capi +|R ∩ X|q.

over cuts (X,Y). Note that

∑
i∈A

capi =
∑

i∈A∩X

capi +
∑

i∈A∩Y

capi .

Therefore, we have:

 ∑
i∈A∩Y

capi +|R ∩ X|q


=

∑
i∈A

capi −
∑

i∈A∩X

capi +|R ∩ X|q


=

∑
i∈A

capi −

 ∑
i∈A∩X

capi − |R ∩ X|q
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Note the term
(∑

i∈A∩X capi − |R ∩ X|q
)

is precisely what the payoff objective

function is maximizing, giving a correspondence between the min-cut and op-

timal seed set. �

We therefore have the main result of this section:

Theorem 37. There is a polynomial-time algorithm for computing the optimal seed set

for Problem 30 when there are no budgets for the size of the seed set.

We can adapt the results above to the directed graph case analogously. Here,

we let A be the set of nodes i for which θi ≥ φ and set the capacity of edges (s, i)

with i ∈ A to be p. We add an edge (i, j) with infinite capacity if there exists a

directed walk from j to i. As above, we set the capacity of edges ( j, t) to be q.

An interesting phenomenon is that the payoff is not monotone in φ even

when considering optimal seed sets. Take the following example:

Example 38. Suppose we are given the network below with the numbers speci-

fying the θi for each corresponding node:

0.2

0.2

0.5

1

1

1

1

If φ ∈ [0, 0.2), we cannot do better than the empty-set. If φ ∈ [0.2, 0.5), the

seed set that includes either of the two leftmost nodes gives a payoff of 1, which

is optimal. For the case where φ ∈ (0.5, 1), the empty-set is again optimal.

This example gives a concrete way to think about overexposure phenomena.
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8.2.2 Generalized Model

We now consider the generalized model where there are three parameters cor-

responding to each agent i, τi ≤ θi ≤ σi. An agent considers an innovation if

τi ≤ φ, adopts an innovation if θi ≤ φ, and announces it to their friends if σi ≤ φ.

If an agent is exposed to an innovation but φ < τi, then the payoff associated

with the agent is 0. If φ ∈ [τi, θi), then the agent rejects the innovation, for a

payoff of −q < 0. As before, there is a payoff of p > 0 if the agent accepts the

innovation; however, the agent only announces the innovation to its neighbors

after accepting if φ ≥ σi. We therefore have four types of agents:

• Type I: Agents for which φ < τi,

• Type II: Agents for which φ ∈ [τi, θi),

• Type III: Agents for which φ ∈ [θi, σi), and

• Type IV: Agents for which φ ≥ σi.

We denote the set of all agents of Type I by T1 (and likewise for the other

types). The basic model above is the special case where τi = 0 and θi = σi for all

i ∈ V . In this instance, we only have agents of Types II and IV.

Lemma 39. Given any seed set S , we note:

1. π(S ) = π(S ∪ T1) and

2. π(S ) ≤ π(S ∪ T3).

Proof. These follow from the observation that
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1. Agents of Type I are those that do not look at the innovation since φ is

below their threshold τi, and thus do not affect the payoff function when

added to any seed set.

2. Agents of Type III are those for which φ ≥ θi, and therefore they accept

the innovation, but do not announce it to their friends. Therefore, adding

such an agent to the seed set increases the payoff by exactly p > 0 per

agent added.

�

In the simplest case, we have τi = θi andσi = 1, such that agents will be either

of Type I or III, and the optimal seed set is precisely S = T3. That is, agents only

view an innovation if they are going to accept it and they never announce it to

their neighbors, and there is no cascade triggered as a result of seeding agents.

When this is not the case, we will note that the results in the previous section

can be adapted to this setting to find an optimal seed set efficiently. Given a

network G in this generalized setting, consider a corresponding network G′ =

(V ′, E′), which is the subgraph of G consisting of agents of only Types II and IV.

We can then apply the algorithm in the previous section to this subgraph G′ to

find an optimal seed set. We claim that the union of this with agents of Type III

yields an optimal seed set in G.

Theorem 40. Given an innovation with a value φ and a network G with agents of

parameters τi, θi, and σi, there is a polynomial-time algorithm for finding an optimal

seed set to maximize the payoff function.

Proof. Given such a graph G, and a corresponding subgraph G′ with an optimal
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seed set S ′, we argue that S ′ ∪ T3 is an optimal seed set in G.

For the sake of contradiction, suppose S is an optimal seed set in G, such

that π(S ) > π(S ′ ∪ T3). By Lemma 39, we can assume that S does not include

any agent of Type I and includes all agents of Type III. This assumption implies

π(S \T3) > π(S ′). But since S \T3 ⊆ G′, this contradicts the optimality of S ′.

�

Returning to the implications for the overexposure phenomena, we note that

a designer can efficiently maximize its payoff over the choice of both the seed set

and φ. Suppose the designer knows the parameters τi, θi, σi for each of the agents

i. Given n agents, these values divide up the unit interval into at most 4n subin-

tervals I j. It is easy to see that the payoff depends only on which subinterval φ is

contained in, but does not vary within a subinterval. Earlier, we saw the payoff

need not be monotone in φ; but by trying values of φ in each of the 4n subinter-

vals, the designer can determine a value of φ and a seed set that maximize its

payoff.

8.3 Budgeted Seeding is Hard

In this section, we show that the seeding problem, even for the initial model, is

NP-hard if we consider the case where there is a budget k for the size of the seed

set and we want to find S subject to the constraint that |S | ≤ k. In the traditional

influence maximization literature, we leverage properties of the payoff function

such as its submodularity or supermodularity to give algorithms that find op-

timal or near-optimal seed sets. The payoff function here, however, is neither
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submodular nor supermodular.

Example 41. Take the network shown in the figure below. Set p = q = 1

1

2

3

4

5 6

7

Supermodularity states that given S ′ ⊆ S and x < S ,

f (S ′ ∪ {x}) − f (S ′) ≤ f (S ∪ {x}) − f (S ).

Set S ′ = {1}, S = {1, 6}, and let x be node 7. Then, supermodularity would

give

π({1, 7}) − π(1) ≤ π{1, 6, 7} − π{1, 6}

2 ≤ 0

Submodularity states that

f (S ′ ∪ {x}) − f (S ′) ≥ f (S ∪ {x}) − f (S ).

A counterexample to this is obtained by setting S ′ = ∅, S = {1} and x = {7}.

Here, we show an even stronger hardness result: it is NP-hard to decide if

there is a (budgeted) set yielding positive payoff. Since it is NP-hard to tell

whether the optimum in any instance is positive or negative, it is therefore

also NP-hard to provide an approximation algorithm with any multiplicative
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guarantee — a sharp contrast with the multiplicative approximation guaran-

tees available for budgeted problems in more traditional influence maximiza-

tion settings.

Theorem 42. The decision problem of whether there exists a seed set S with |S | ≤ k and

π(S ) > 0 is NP-complete.

Proof. We will prove this using a reduction from the NP-complete Clique prob-

lem on d-regular graphs: given a d-regular graph G and a number k, the ques-

tion is to determine whether there exists a k-clique — a set of k nodes that are all

mutually adjacent. (We also require d ≥ k.)

We will reduce an instance of k-clique on d-regular graphs to an instance of

the decision version of our budgeted seed set problem as follows. Given such an

instance of Clique specified by a d-regular graph G and a number k, we construct

an instance of the budgeted seed set problem on a new graph G′ obtained from

G as follows: we replace each (i, k) ∈ E, with two new edges (i, j), ( j, k), where j

is a new node introduced by subdividing (i, k). Let V be the set of nodes originally

in G, and V ′ the set of nodes introduced by subdividing. In the seed set instance

on G′, we define θi and φ such that θi < φ for all i ∈ V and θi > φ for all i ∈ V ′.

We define the payoff coefficients p, q by q = 1 and p = d − (k − 1)/2 + ε for some

0 < ε < 1/n2.

We will show that G has a k-clique if and only if there is a seed set of size at

most k in G′ with positive payoff.

First, suppose that S is a set of k nodes in G that are all mutually adjacent,

and consider the corresponding set of nodes S in G′. As a seed set, S has k

accepting nodes and kd −
(

k
2

)
rejecting neighbors, since G is d-regular but the
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nodes on the
(

k
2

)
subdivided edges are double-counted. Thus the payoff from S

is kp − (kd −
(

k
2

)
) = k(p − d + (k − 1)/2), which is positive by our choice of p.

For the converse, suppose S has size k′ ≤ k and has positive payoff in G′.

Since the seed set consists entirely of accepting neighbors (any others can be

omitted without decreasing the payoff), S ⊆ V , and hence so the neighbors

of S reject the innovation. If S induces ` edges in G, then the payoff from S

includes a negative term from each neighbor, with the nodes on the ` subdivided

edges double-counted, so the payoff is k′p − (k′d − `). If |S | = k′ < k, then since

` ≤
(

k′

2

)
, the payoff is at most k′p − (k′d −

(
k′

2

)
) = k′(p − d + (k′ − 1)/2), which is

negative by our choice of p. If |S | = k and ` ≤
(

k
2

)
− 1, then the payoff is at most

kp − (kd − (
(

k
2

)
− 1)) = k(p − d + (k − 1)/2 − 1/k), which again is negative by our

choice of p. Thus it must be that |S | = k and ` =
(

k
2

)
, so S induces a k-clique as

required. �

8.4 Experimental Results

In this section, we present some computational results using data sets obtained

from SNAP (Stanford Network Analysis Project). In particular, we consider

an email network from a European research institution (Leskovec et al., 2007b;

Paranjape et al., 2017) and a text message network from a social-networking

platform at UC-Irvine (Panzarasa et al., 2009).

The former is a directed network of emails sent between employees over an

803-day period, with 986 nodes and 24929 directed edges. The latter is a di-

rected network of text messages sent between students through an online social

network at UC Irvine over a 193-day period, with 1899 nodes and 20296 directed
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edges. In both networks, we use the edge (i, j) to indicate that i sent at least one

email or text to node j over the time period considered.

For both of these networks, we present results corresponding to the general

model. We consider 100 evenly-spaced values of φ in [0, 1] and compare the

seed set obtained by our algorithm with some natural baselines. The parame-

ters τi ≤ θi ≤ σi for each agent are chosen as follows: we draw three numbers

independently from an underlying distribution (we analyze both the uniform

distribution on [0, 1] and the Gaussian distribution with mean 0.5 and standard

deviation 0.1); we then sort these three numbers in non-decreasing order and

set them to be τi, θi, and σi respectively.

For each φ we run 100 trials and present the average payoff. The average

time to run one simulation is 0.915 seconds for the text network and 0.454 sec-

onds for the email network. This includes the time to read the data and assem-

ble the network; the average time spent only on computing the min-cut for the

corresponding network is 0.052 and 0.054 seconds respectively.

For each of these figures, we give a natural upper-bound which is the num-

ber of agents such that θi < φ. This includes agents of Type III and IV. We note

that the seed set obtained by our algorithm often gives a payoff close to this

upper bound. We compare this to two natural baselines: the first sets agents

of Type III to be the seed set and the second sets agents of both Types III and

IV to be the seed set. We show that the first baseline performs well for lower

values of φ, where the second baseline underperforms significantly; and, the

second picks up performance significantly for higher values of φ while the first

baseline suffers. The seed set obtained by our algorithm, on the other hand,

outperforms both baselines by a notable margin for moderate values of φ. This
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gap in performance corresponds to the overexposure effect in our models.

Figure 8.1: Payoff as a function of the quality φ for (a) email and (b) text net-
works for the general model where τi, θI , σi are chosen from the uniform distri-
bution on [0, 1]. The blue curve represents the natural upper bound of the total
number of agents with θi < φ. The green line corresponds to the payoff obtained
by seeding agents whose τi ≤ φ. The purple line represents the number of agents
of Type III, where φ ∈ [θi, σi) and the red line corresponds to the seed set selected
by our algorithm. The difference between the red and the green curve capture
the overexposure phenomena.

Figure 8.2: These plots give payoff for (a) email and (b) text networks for the
general model with parameters chosen from a Gaussian distribution with mean
0.5 and standard deviation 0.1 for 100 evenly spaced φ values in [0, 1].

Each of the figures show that the seed set chosen by our algorithm outper-

forms these natural baselines. In Figure 8.1, we note for φ < 2/3 the optimal

seed set obtained through our algorithm is close to picking only agents of Type

III. Adding on agents of Type IV performs worse than both seeding just agents

of Type III or the optimal seed set. This changes for φ values over 2/3. Here,
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the number of agents of Type III drops, and thus the payoff obtained by seeding

agents of Type III drops with it. On the other hand, the seed set consisting of

all agents of Types III and IV picks up performance, coming close to the optimal

seed set for φ ≈ 0.7. This behavior appears in both networks.

8.5 Discussion

Theoretical models of word-of-mouth recommendations in social networks

have generally used the assumption that all exposures to an innovation are ben-

eficial to the designer. A separate line of empirical research in public health

campaigns and marketing, however, provide a more complex picture, in which

different potential individuals may have either positive or negative reactions to

an innovation, and it can be a mistake to pursue a strategy that elicits too many

negative reactions from the population.

In this chapter, we have proposed a new set of theoretical models for word-

of-mouth recommendations, by taking into account these types of overexposure

effects. Our models make it possible to consider the optimization trade-offs that

arise from trying to reach a large set of positively inclined potential individuals

while reducing the number of negatively inclined potential individuals who

are reached in the process. Even in the case where the designer has no budget

on the number of people it can expose to the innovation, this tension between

positive and negative reactions leads to a non-trivial optimization problem. We

provide a polynomial-time algorithm for this problem, using techniques from

network flow, and we prove hardness for the case in which a budget constraint

is added to the problem formulation. Computational experiments show how
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our polynomial-time algorithm yields strong results on network data.

Our framework suggests many directions for future work. It would be in-

teresting to integrate the role of negative payoffs in our model here with other

technical components that are familiar from the literature on influence maxi-

mization, particularly the use of richer (and potentially probabilistic) functions

governing the spread from one participant in the network to another. For exam-

ple, when nodes have non-trivial thresholds for adoption — requiring both that

they evaluate the innovation positively and also that they have heard about it

from at least k other people, for some k > 1 — how significantly do the structures

of optimal solutions change?

It will also be interesting to develop richer formalisms for the process by

which positive and negative reactions arise when potential individuals are ex-

posed to good or bad innovations. With such extended formalisms we can more

fully bring together considerations of overexposure and reputational costs into

the literature on network-based word-of-mouth recommendations.
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CHAPTER 9

FACILITATING NETWORK INTEGRATION

Across societies, the tendency for individuals to form social ties with others

with whom they share similarities is a robust and pervasive social phenomena

impacting the formation of social networks (Lazarsfeld et al., 1954; Kossinets

and Watts, 2009; McPherson et al., 2001; Newman, 2002). This phenomena,

known as homophily, can result in segregation; and since networks play a key

role in the diffusion of information, opportunities, and resources, it can lead to

inequalities across members of different communities; empirical and theoretical

work have shown that network structures can influence individuals’ ability to

obtain accurate and relevant information, garner social support, improve their

labor market outcomes, among other impacts (Calvo-Armengol and Jackson,

2004; Calvo-Armengol et al., 2009; Jackson et al., 2012; Banerjee et al., 2013; Sto-

ica et al., 2018; Nilizadeh et al., 2016; Hannák et al., 2017).

Focusing on access to information related to jobs, for instance, a long line

of work in economics and sociology has looked at both theoretical models

and empirical evidence showing what impact networks can have on attain-

ing jobs (Calvo-Armengol and Jackson, 2004; Fernandez and Fernandez-Mateo,

2006; Pedulla and Pager, 2017). Homophily and resulting segregation on so-

cial networks can impact diffusion of information on social networks leading

to disparities in access to employment opportunities. And, more generally, so-

cial network and social ties have been used as a means of attaining status more

generally leading to improvement in access to opportunities (Grusky, 2018; Lin,

1999).

Understanding how network formation processes are impacted by ho-
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mophily is important for predicting and improving societal welfare in various

domains. However, since homophily is a potent and organic force, it is challeng-

ing to push back against its negative consequences without identifying other

social processes that may already be working against segregation. By pinpoint-

ing such network forces and understanding their interactions with homophily,

we can then harness their impact to improve network diversity and welfare of

individuals across the network.

In this chapter, we show that triadic closure – the process by which individ-

uals are more likely to form social ties with other individuals with whom they

already share ties – may be one such force (Granovetter, 1977; Kossinets and

Watts, 2006; Rapoport, 1953). Through analyses of different popular network

formation models, we show that triadic closure has the tendency to reduce

network segregation. That is, even though biases towards homophily in link

formation tend to push a network towards segregation, triadic closure has the

effect of exposing people to dissimilar individuals, thereby resulting in more

integrated networks. Indeed much work, including recent work, has asserted

that triadic closure can result in social segregation at the macroscale (Stadtfeld,

2015; Tóth et al., 2019).

We find it striking that such a tension should exist between two such well-

studied social processes as homophily and triadic closure, and we believe it

points to the possibility of broader phenomena that we begin exploring in this

chapter. The tension between these two forces is also partly counter-intuitive:

triadic closure produces links between people with common friends, and we

might therefore suspect that these new links reinforce the underlying similarity

that the friends share; but the longer-range nature of triadic closure, connecting
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people separated by multiple steps in the network, in fact has the aggregate

effect of exposing nodes to others who are dissimilar.

We explore this relationship between these phenomena in two ways: we first

analyze the effect of triadic closure on the proportion of links between dissimilar

agents on different static and dynamic network formation models. Specifically,

we focus on a static network formation model based on stochastic block mod-

els (SBM) and a dynamic model generalizing a popular model by Jackson and

Rogers (2007). Both models are characterized by the presence of heterogeneous

nodes and a two phase link-formation process where agents first form a fixed

set of links followed by a triadic closure phase were they form an additional

set of links through a friend-of-friend search. In both cases, we find that triadic

closure increases network integration if agents display homophily in the first

phase.

We then explore network interventions that leverage these insights. Namely,

in many scenarios, an authority that has a vested interest in the outcome of a

network process can attempt to nudge the network towards a more integrated

state. For example, many universities randomize dormitory assignments or the

formation of freshman groups at the beginning of a year in order to encourage

a diversity of links. On-line networking platforms recommend links to create

a warm start for new users, as well as to fill out established networks. In most

contexts, one’s power to control the global network structure is quite limited;

while the authority might want the network to be highly integrated, it is un-

likely that they can influence the structure of all relationships on a global scale.

Here, we show that the above insights may help overcome these limitations;

minor and local interventions on homophily in the first phase can be amplified
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through triadic closure, resulting in an indirect yet substantial shift on the net-

work integration.

The remainder of the section is organized as follows. We begin with an anal-

ysis of triadic closure in the stochastic block model, deriving mathematical re-

sults on its effect on network integration. We then introduce and analyze a

growing graph model based on the Jackson-Rogers model, considering the ef-

fect of triadic closure on network integration in an equilibrium state. We close

with a discussion on the design of interventions that act on the initial phase to

optimize long-term network integration. We support these results with exper-

iments and discussions about the interplay of homophily, triadic closure, inte-

gration, and implications for network interventions on- and off-line settings.

9.1 Triadic Closure and Stochastic Block Models

We begin with a simple static model based on stochastic block models (SBM).

We suppose that there are n nodes corresponding to individuals, where each

node can be one of k types. We assume that there are an equal number of nodes

of each type. For ease of presentation, we assume that k = 2 where the two types

are {R, B}. We present expanded proofs for k > 2 in the appendix.

In an SBM with k = 2 types, there is a probability p of an edge forming

between two nodes of the same type (this is the in-block probability) and a prob-

ability q of an edge forming between two nodes of different types (this is the

out-of-block probability). All edge formations are mutually independent. We first

run an SBM to obtain a network G. We then consider the effect of triadic closure

on G. In order to do so, we must study wedges in G.
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A wedge W in a graph G is an induced subgraph on nodes {v1, v2, v3} such that

there exists edges (v1, v2) and (v2, v3), but there exists no edge between nodes v1

and v3. We denote this wedge W using (v1, v2, v3).

Definition 43. We say W = (v1, v2, v3) is a monochromatic wedge if v1 and v3 share

a type. Otherwise, we say it is a bichromatic wedge.

Definition 44. Given a set of nodes T = {v1, v2, v3}, we say that T is a monochro-

matic triplet if all three nodes share a type and we say that it is a bichromatic triplet

otherwise.

Monochromatic and bichromatic wedges correspond to wedges where the

missing edges are monochromatic and bichromatic, respectively. Note, fur-

ther, that a monochromatic wedge can result from either a monochromatic

or a bichromatic triplet, whereas a monochromatic triplet can only yield a

monochromatic wedge. An object of interest in this section is the fraction of

bichromatic wedges, which we denote by w(G). We can estimate this value us-

ing the following result:

Lemma 45. Given a network G resulting from an SBM, the expected number of

monochromatic wedges is

3 · 2 ·
(
n/2
3

)
· p2(1 − p) + n ·

(
n/2
2

)
· q2(1 − p), (9.1)

while that of bichromatic wedges is

2 · n ·
(
n/2
2

)
· pq(1 − q). (9.2)

Proof. The expected number of monochromatic wedges from monochromatic

triplets is

3 · 2 ·
(
n/2
3

)
· p2(1 − p),
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where
(

n/2
3

)
counts the number of monochromatic triplets of each type, 3 is the

number of ways to choose the center of the wedge, and p2(1 − p) counts the

likelihood that such a triplet results in a wedge. The extra factor of two reflects

the k = 2 blocks.

Similarly, the expected number of monochromatic wedges from a bichro-

matic triplet is

n ·
(
n/2
2

)
· q2(1 − p),

where 2(n/2)
(

n/2
2

)
counts the number of bichromatic triplets and q2(1 − p) corre-

sponds to the likelihood that such a triplet results in a monochromatic wedge,

thereby giving us the desired result in Equation 9.1.

As for the expected number of bichromatic wedges, we have already noted

that there are n
(

n/2
2

)
bichromatic triplets. Such a triplet results in a bichromatic

wedge with probability 2pq(1− q), again yielding the desired result in Equation

9.2. �

We consider the effect of triadic closure on network integration. We measure

network integration using the proportion of bichromatic edges: i.e., the fraction

of edges in G between nodes of dissimilar types, denoted by f (G).

Definition 46. We say that triadic closure increases network integration if, by clos-

ing a single randomly selected wedge, we increase the fraction of bichromatic

edges. We say that triadic closure decreases network integration if this action de-

creases the fraction of bichromatic edges. And we say that triadic closure pre-

serves network integration if this action does not change the fraction of bichro-

matic edges.
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This above definition is a local one: it analyzes the impact of a single triadic

closure. Note, however, that for large n, this observation on network integration

applies for the case where we can instead consider the effect of an unbounded

but sublinear number of simultaneous triadic closures.

Figure 9.1: Surface plots showing the number of monochromatic and bichro-
matic edges as we vary p and q in an SBM.

Theorem 47. Given an SBM, there is a sufficiently large n such that triadic closure

increases network integration if p > q and it preserves network integration if p = q.

Proof. We are interested in both the fraction of bichromatic edges, f (G), and the

fraction of bichromatic wedges, w(G). First, note that

f (G) =
(n/2)2q

2 ·
(

n/2
2

)
· p + (n/2)2 · q

=
q

p + q
+ o(1),

where the numerator is the expected number of bichromatic edges and the de-

nominator is the expected number of all edges.

On the other hand, using the previous lemma and simplifying the expres-

sion, we note that the fraction of bichromatic wedges is

w(G) =
pq(1 − q)

pq(1 − q) +
p2(1−p)

2 +
q2(1−p)

2

+ o(1).

Note that if triadic closure is applied to a random wedge, the probability that

the resulting edge is bichromatic is w(G). This increases the fraction of bichro-
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matic edges if f (G) < w(G), thus increasing network integration, and similarly it

preserves network integration if f (G) = w(G).

We therefore study the inequality f (G) ≤ w(G) for sufficiently large n. We

have

q
p + q

≤
pq(1 − q)

pq(1 − q) +
p2(1−p)

2 +
q2(1−p)

2

qp2(1 − p) + q3(1 − p)
2

≤ p2q(1 − q)

p2(1 − p) + q2(1 − p) ≤ 2p2(1 − q)

q2(1 − p) ≤ p2(1 − 2q + p)

Note that this last line holds with strict inequality if p > q and with equality if

p = q; triadic closure increases network integration if nodes display homophily

and it preserves network integration when there is no homophily. �

We note the following necessary subtlety in the proof: an SBM with p > q

always has f (G) < 1/2 for sufficiently large n, since f (G) = q/(p + q) + o(1).

Thus, one might imagine a strategy for proving this theorem that sought to

show w(G) ≥ 1/2, which would be sufficient. However, as we can see in the

Figure 9.1, this is not always the case – in particular, for low values of q and

high values of p, there can be more monochromatic wedges than bichromatic

wedges, and hence w(G) < 1/2. Given this observation, we must therefore focus

on a more careful analysis of the relative sizes of f (G) and w(G) to obtain the

above result.
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9.2 A Dynamic Network Formation Model

We now consider a dynamic process of network formation, based on a natural

variation of the popular growing graph model by Jackson and Rogers (2007).

In the Jackson-Rogers model, homogeneous nodes arrive sequentially and

form links first through a random meeting phase and next through a network search

phase.1 We adapt this model to account for heterogeneous nodes. As in the

previous section, we assume that each node can be one of two types and that

there are an equal number of nodes of each type.

The model proceeds as follows: nodes arrive to the network consecutively.

Upon arrival, each node v forms undirected links in two phases: in the first

phase, it meets a fixed number of agents of each type. In the second phase,

the node meets friends-of-friends to create further links, which we can view as

an organic development of new connections through one’s friend. We denote

the resulting network after the friendship formation of the t’th arriving node by

G(t). More specifically, when node v arrives at time t,

I it selects NS neighbors uniformly at random from nodes of the same type

and ND neighbors uniformly at random from nodes of a different type,

then

II it selects NF additional neighbors according to the following biased friend-

of-friend search process: suppose α ∈ (0, 1]. Let FS (v) be the set of same-

1The original Jackson-Rogers model differentiates between meeting and link formation in
the first phase, where links result from meeting based on compatibility. Consistent with a lot of
follow up work on this model, we do not differential between meeting and link formation and
assume that random meeting results in link formation. Note that we do not lose generality in
doing so since we can easily convert the first phase in this model to the original Jackson-Rogers
model.
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type neighbors that v selected in the first phase and F2
S (v) = {w : u ∈

FS (v), (u,w) ∈ G(t − 1)} be the neighbors of v’s same-type neighbors. (We

can similarly define FD(v) and F2
D(v).) Then v selects αNF nodes uniformly

at random among F2
S (v) and (1 − α)NF nodes uniformly at random among

F2
D(v) and creates links.

We let N := NS + ND + NF and so the number of edges in G(t), which we

denote by m(t), is Nt. We assume that NS ,ND,NF are all fixed constant values.

Our results hold for arbitrary values of NS , ND, and NF , but we will be especially

interested in the regime where the number of links formed in the random meet-

ing phase is small compared to the search phase, motivated by the discussion

below.

We can view the random meeting phase as an initial “seeding” phase of the

individual’s entry into the community, and one should imagine that without

intervention, there will be a bias toward connecting to more individuals of a

similar type. This models a direct bias toward homophily. Mirroring real-world

network formation processes, we can think of the random meeting phase as

dorm assignments in a university dorm or links recommended to a new user

when they arrive on an online platform.

The search phase, as argued in Jackson and Rogers (2007), is a natural ab-

straction of link formation via search: individuals are naturally exposed to

friends of their friends, and some of these meetings lead to the formation of

connections via triadic closure. This mirrors formation of friendships on a col-

lege campus, link formation on social media, and how citation and scientific

collaboration networks form and evolve. We model a homophily bias as being

present in this search procedure by assuming that individuals are more likely to
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connect with friends of same-type friends. i.e., we can assume that α > NS
NS +ND

,

although the results below hold for any α > 0. This assumption captures an

indirect form of bias, where one tends to disproportionately trust the friend rec-

ommendations from same-type individuals. One might expect such a process

to amplify any homophily due to the bias in the first phase, as an abundance

of same-type links will result in any accepted friend-of-friend connections also

having a higher chance of being same-type.

In what follows, we show that triadic closure again has the effect of increas-

ing network integration if nodes exhibit homophily in the first phase. We first

show that as t goes to infinity, the fraction of bichromatic edges converges to

an equilibrium state. We analyze the effect of both the random meeting and

network search phase on the rate of convergence and further show that search

phase characterized by triadic closure mitigates network segregation.

9.2.1 Network Integration at Equilibrium

We denote the equilibrium state network, that is G(t) as t → ∞, by G. To ensure

that this process is well defined, we let G(0) a stochastic block model on N nodes

and we let each node select NF
ND+NS

nodes to form links with uniformly at random.

We assign each node a random type.

We are interested in the network integration, as measured by the fraction of

bichromatic edges, in equilibrium. We denote by f (t) the fraction of bichromatic

edges at time t. Here, we want to show that f (t) converges and that we can fully

characterize its value in equilibrium.
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Fraction of Bichromatic Edges

Let b(t) be the number of bichromatic edges at time t and recall that m(t) is the

number of all edges. Therefore, f (t) = b(t)/m(t).

Given a node v, we let fv(t) be the fraction of v’s neighbors that do not share

a type with v. We can then define

fR(t) =
1
|R|

∑
r∈R

fr(t).

Note that this is an average value over all nodes of type R. We can similarly

define fB(t).

Since this is a growing graph, the degree of nodes also evolves. We denote

the degree of node v at time t by ∆v(t) and define

∆R(t) =
1
|R|

∑
r∈R

∆r(t).

That is, ∆R(t) is the average degree of an R node at time t. Therefore,

b(t) =
∑
r∈R

∆r(t) fr(t) =
∑
b∈B

∆b(t) fb(t).

Without loss of generality, suppose a new node v of type R is added at time t + 1.

Then,

b(t + 1) = b(t) + ND + αNF fR(t)

+ (1 − α)NF(1 − fB(t)) (9.3)

Note that the first term counts the number of bichromatic edges already

present at time t, ND counts the number of new bichromatic edges introduced in

the random meeting phase, αNF fR(t) counts the expected number of new bichro-

matic links that v forms via triadic closure through same-type neighbors, and
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(1 − α)NF(1 − fB(t))counts the expected number of new bichromatic links that

v forms via triadic closure through their neighbors of a different type. On the

other hand, the number of all edges goes up by N.

m(t + 1) = m(t) + N.

Our analysis involves a step in which we establish an identity (Identity 1,

below) on the long-run fraction of bichromatic edges f (t) using a heuristic argu-

ment that is supported by numerical simulation.

The identity is as follows. Let f ∗ denote the limiting fraction of bichromatic

edges of G(t) as t goes to infinity. The we have

(Identity 1) f ∗ =
ND + (1 − α)NF

ND + NS + 2(1 − α)NF
.

We note that f (t) shows that the fraction of bichromatic links formed in the

first phase can have a disproportionate impact on the network integration in

equilibrium. For instance, for α = 1, which corresponds to the instance where

all friend-of-friend links are formed through same-type friends, f (t) = ND
NS +ND

,

indicating that this value is exclusively determined by the first phase despite the

assumption that NS + ND is much less than NF . The role of NF in the fraction of

bichromatic edges in equilibrium increases as α decreases. Further, for any α < 1,

f (t) approaches 1/2 as NF grows large relative to NS and ND. So even a single off-

type seed friend can have a significant down-stream impact, if triadic closure is

not perfectly driven by same-type friends. We will leverage these insights to

explore simple but robust interventions to increase network integration in the

following section.

161



Triadic Closure and Network Integration

Mirroring the discussion in the previous section, we say that triadic closure in-

creases network integration if f ∗ goes up as NF goes up, we say that it decreases

network integration if f ∗ goes down as NF goes down, and that it preserves net-

work integration if f ∗ is unaffected by NF .

Recall that we assume that nodes show type-bias: i.e., NS < ND and α >

NS
ND+NS

, corresponding to type-bias in the random meeting and network search

phases, respectively.

Theorem 48. Assuming Identity 1, triadic closure increases network integration in our

dynamic network formation model if α < 1 if nodes show type-bias in the first phase and

preserves network integration if nodes show no bias. Triadic closure preserves network

integration for α = 1.

Proof. Select NF ,NF′ such that NF < NF′ . We aim to understand the effect of

forming NF versus NF′ links in the second phase on the respective equilibrium

values for the fraction of bichromatic edges, which we denote by f ∗ and f ′∗,

respectively. Specifically, we are interested in the inequality f ∗ ≤ f ′∗, which we

can rewrite as

ND + (1 − α)NF

ND + NS + 2(1 − α)NF
≤

ND + (1 − α)NF′

ND + NS + 2(1 − α)NF′

We can simplify this above inequality to get

2ND(NF′ − NF) ≤ (NS + ND)(NF′ − NF).
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This holds with strict inequality if ND < NS and with equality if ND = NS , giving

us the desired result for α < 1.

For the degenerate case where α = 1, note f ∗, f
′∗ are both ND

NS +ND
. That is, the

fraction of bichromatic edges is determined exclusively by the random meeting

phase and triadic closure preserves network integration in this setting. �

Note that for the case where NS = ND, triadic closure preserves network

integration even if nodes show type-bias in the second phase, by forming a dis-

proportionate number of links through their same-type friends. Likewise, for

the case where α = 1, triadic closure preserves network integration regardless

of the type-bias that nodes show in the first phase. Outside of these two de-

generate cases, we note that triadic closure has the effect of increasing network

integration.

Rate of Convergence

Finally, we find that we can also explicitly state how each of these parameters

impact the rate at which the network converges to the equilibrium state.

At equilibrium, f (t) = f (t + 1). We are therefore interested in

f (t + 1) − f (t)

=
ND + αNF f (t) + (1 − α)nF(1 − f (t))

NS + ND + NF
− f (t)

We solve the differential equation,
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d f (t + 1)
dt

=
ND + 2αNF f (t) + nF(1 − f (t))

NS + ND + NF
− f (t)

to get that,

f (t) =
ND + NF − c · exp(−(t(NF − 2αNF))/(N)

NS + ND + 2(1 − α)NF

where c is some constant. In addition to impacting the equilibrium state, triadic

closure also affects the rate of convergence to this state. This holds even for the

case where α = 1 when triadic closure preserves network integration.

9.3 Interventions to Alleviate Network Segregation

Informed by the observations on the impact of triadic closure on network in-

tegration, we explore potential interventions aimed at decreasing segregation.

We study interventions on the dynamic model from the previous section. In this

model, we have noted that links formed in the first phase can have an out-sized

effect on the eventual equilibrium state of the network even if we assume that

they comprise a small fraction of the total number of edges formed.

Here, we focus on interventions that act solely on the first phase. Recall-

ing our motivating examples related to college dormitory assignments or rec-

ommendation of friendships when an individual joins an online platform, we

note that an authority (i.e., university or platform, respectively) may have more

leverage in this initial phase than subsequent steps which proceed through
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friend-of-friend searches. Such interventions that act as “nudges” in the ini-

tial phase have recently been popular in the fairness in recommender systems

community; research in this space has explored the impact of bias in link forma-

tion or other selection on the long-term health of online platforms, with some

work exploring the role of small nudges by the platform to mitigate inequalities

or achieve other desirable social outcomes (Ekstrand and Willemsen, 2016; Guy,

2015; Hutson et al., 2018; Knijnenburg et al., 2016; Schnabel et al., 2018; Stoica

et al., 2018; Su et al., 2016).

In our analysis of interventions, we assume that the number of links formed

in the first phase is fixed but that the designer has the ability to change the pro-

portion of mono- versus bi-chromatic edges formed in the initial seeding phase

subject to this sum constraint.2 This intervention imitates, for instance, dorm as-

signments where there is a fixed number of slots per dorm but universities have

the ability to change the composition of occupants in each dorm. We may also

consider the setting where the designer would like to optimize network integra-

tion subject to rate-of-change constraints on the network or on the time-frame

over which the intervention can occur. This constraint models scenarios where

it may be costly, infeasible, or undesirable to introduce a dramatic change all at

once.

Here, we show that we can find simple mechanisms for optimizing network

integration building on insights from the previous section. The interventions

support the evidence from the fairness in recommender systems literature that

small interventions upon a user’s arrival to an online platform can have long-

lasting impact, even in cases where the user may engage in substantially more

2Note that it is straightforward to generalize the results in this section to the setting where
there are no constraints on the sum NS + ND, but we discuss the case where it is for ease of
presentation.
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activity after this initial contact.

We imagine here that the designer has an ideal level of integration that they

would like to see in equilibrium, which we denote by f̂ . The designer would

like to reach this state by acting on only the first phase. The optimal intervention

in this setting is an immediate consequence of the previous lemma:

Corollary 49. Given a network G(0), a budget N −NF for links in the first phase,

and a desired level of integration f̂ , the intervention which solves for ND in the

following equation

f̂ =
ND + (1 − α)NF

N − NF + 2(1 − α)NF
.

yields an integration level of f̂ in the equilibrium state.

This observation will serve as a building block for finding solutions that take

into account to natural considerations: rate-of-change of the network structure

and time-frame over which the intervention can occur.

We first consider the case where the objective is to maximize the network

integration at time t. Before presenting this result, we note the following obser-

vation: given a network G(t) with fraction of bichromatic edges f (t), the inter-

vention which maximizes the fraction of bichromatic edges at time t + 1 is that

which sets ND = N−NF . This intervention maximizes integration locally. We also

note that this intervention maximizes integration over a longer time-horizon.

Lemma 50. Suppose we are given a network G(0), values NF ,N, and α, and a time-

horizon [t1, t2]. Starting from f (t1), the intervention which maximizes f (t2) is that

which sets ND = N − NF over the entire time-horizon [t1, t2].

Central to the argument for this above result is Figure 9.2, which illustrates

the feasible region for the fraction of bichromatic edges. A point on the graph
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corresponds to a tuple (t, f (t)). The green lines correspond to the interventions

which set ND = N − NF and the red lines correspond to those which set ND = 0.

Given G(t1), the set of possible values f (t) for t ∈ [t1, t2] can be traced using a

path from (t1, f (t1)) to (t2, x) where x must be in the feasible region and the path

must follow the grid taking no left steps.

Figure 9.2: Plot showing the feasible region of fraction of bichromatic edges in
our network during time period [t1, t2].

While the above intervention allows us to reach the optimum integration

level given a fixed time-horizon, it may be costly to implement: namely, the

designer may wish to introduce interventions gradually rather than all at once.

This suggests a natural generalization of the above problem, stated below:

Theorem 51. Given a network G(t1), values NF ,N, and α, and a time-horizon [t1, t2],

suppose the designer aims to reach an integration level f2 by time t2 subject to a rate-of-

change constraint ∆. We can find an optimal intervention acting on phase 1 or prove

that no such intervention exists.

Proof. We first draw the feasible region as in Figure 9.2. It is a straightforward

consequence of the above lemma that if (t2, f2) is not in the feasible region, then

no such intervention exists. Suppose that (t2, f2) is in the feasible region. We

denote by L(t1, f1, t2, f2) the set of all paths {`1, `2, . . . `h}, which from (t1, f1) to
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(t2, f2) that do not take any left steps. For each path, we check whether there

exists any ti ∈ (t1, t2] such that | f (ti)− f (ti−1)| > ∆ and remove all paths that violate

this rate-of-change constraint. The remaining paths each correspond to feasible

interventions that abide by the given constraints. �

These interventions directly take insights from the study on the interplay of

homophily and triadic closure to propose simple mechanisms that can improve

long-term health of a network. The simplicity of these mechanisms, coupled

with both theoretical evidence in this work and empirical evidence from the

recommender systems literature, suggests new directions at the interface of net-

work science and recommender systems, which we discuss in the next sections.

9.4 Discussion

In this chapter, we consider the effect of triadic closure on network segregation.

Through analysis of different static and dynamic network formation models, we

find that triadic closure has the effect of increasing network integration, indicat-

ing that it may be a process that counteracts homophily in network formation.

We view the insights in this chapter as potentially pointing to broader phe-

nomena about these social processes, which can be studied both mathematically

as well as analysis of real-world networks. The results presented in this chap-

ter open up questions related to other measurements of network health, such

as network expansion and distribution of network centralities. Each of these

points to challenging analytic questions. Empirically, it would also be inter-

esting to shed light on what types of social and information networks tend to
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exhibit a stronger relationship between triadic closure and homophily.

The interventions presented in this chapter point to a broader set of theoret-

ical and empirical questions. For instance, it would be interesting to estimate

the various network parameters and compare the effect of nudges across differ-

ent distributions of values. Furthermore, such interventions are often costly to

the designer or may incur social cost, leading to a set of optimization questions

where the designer must trade off these costs with utility gained from network

integration. We can empirically test the impact of triadic closure on network

integration on a set of social and information networks. In Section 6, we present

a set of further questions on the impact of networks to increase or decrease so-

cioeconomic inequalities inspired by the results in this section as well as the

economics and sociological work from which this work transpired.
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Part IV

Roles for Computing in Social

Change
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CHAPTER 10

OVERVIEW OF PART IV

In high-stakes decision-making, algorithmic systems have the potential to

predict outcomes more accurately and to allocate scarce societal resources more

efficiently. But the introduction of algorithms into these domains has also led

to concerns about their potential to introduce, perpetuate, and worsen inequal-

ity. Algorithmic accountability, fairness, and bias have quickly become watch-

words of mainstream technical research and practice, gaining currency both in

computer science and in technology companies. And these concerns are having

a public moment, with policymakers and practitioners newly attuned to their

import.

Scholars have long worked to draw attention to the values necessarily em-

bodied in technology. This call for recognition of values has been a core project

of Values-in-Design (Friedman and Hendry, 2019; Introna and Nissenbaum,

2000), legal scholarship (Citron, 2018; Lessig, 2009; Reidenberg, 1997), science

and technology studies (Agre, 1997; Jasanoff, 2006; Winner, 1980), and allied dis-

ciplines for decades — and remains an extremely active area of research. (For

a partial listing of work drawing on such themes, see Gillespie and Seaver.)

Computer science has recently been increasingly heeding the call for attention

to values, politics, and “social good” more generally — with more than twenty

technical workshops, conferences, or other significant gatherings on some varia-

tion of fairness, bias, discrimination, accountability, and transparency in the last

five years (e.g., (Abebe and Goldner, 2018a; De-Arteaga et al., 2018; Ekstrand

and Levy; Hager et al., 2019; Gomes et al., 2019; Rolnick et al., 2019)).

The proliferation of scholarly work on these questions has sparked debate
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about the relationship between computing and social change — in particular,

about the degree to which technical interventions can address fundamental

problems of justice and equity. Scholars have recently raised concerns about

taking a computational lens to certain social problems, questioning whether

modifications to automated decision-making can ever address the structural

conditions that relegate certain social groups to the margins of society (Brous-

sard, 2018; D’Ignazio and Klein, 2019; Crawford; Eubanks, 2018a; Gebru, 2019;

Green, 2018). On these accounts, realizing principles of equity and justice re-

quires addressing the root social, economic, and political origins of these prob-

lems — not optimizing around them (Barabas et al., 2017; Costanza-Chock, 2018;

Whittaker et al., 2018; Pasquale, 2018; Powles, 2018; Selbst et al., 2019; Overdorf

et al., 2018; Greene et al., 2019; Dencik et al., 2018; Hoffmann, 2019; Peña Gan-

gadharan and Niklas, 2019; Bennett and Keyes, 2019). For instance, rather than

a computational intervention that aims to equalize offers of college admission

across demographic groups, we might more ambitiously direct attention to the

unmet need for high-quality high school instruction in low-income neighbor-

hoods. Similarly, an intervention at the selection phase in an employment con-

text might mask the impact of a hostile workplace culture or other barriers to

long-term employee success.

The community that has coalesced around this research interface increas-

ingly recognizes these tensions, and is beginning to grapple with the com-

plex relationship between computing research inspired by social problems and

meaningful progress on those problems. To date, however, the field has not

mapped the variety of ways in which its own work can participate in making a

practical and positive difference toward social change.
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The upcoming chapter presents a start to that effort: we describe four dif-

ferent modalities through which, alongside other efforts that support social

change, computing research can play a specific and useful role in addressing

social problems. These are approaches that can empower other agents of social

change.
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CHAPTER 11

ALTERNATIVE ROLES FOR COMPUTING

Meaningful advancements toward social change are the work of many

hands. We highlight these possibilities while also considering, and taking se-

riously, recent critiques of computing research that attempt to address social

problems. In so doing, we seek to complement the long history of bringing

the critical perspectives of other disciplines to bear on computing. This work

suggests that computing itself can be marshaled to cast a critical eye on social

problems.

There is a long-standing tension between strategies that seek to intervene

within the contours of an existing system, and those that seek more wholesale

social and political reform. Existing work has made clear how computational

approaches may contribute to the former style of activity. Here, we ask whether,

and to what extent, computing can contribute to the latter activity as well. We

pose this question while recognizing the critical scholarship we have described

above, and we emphatically reject the idea that technological interventions can

unilaterally “solve” deeply rooted social problems. We explore where and how

technical approaches might be part of the solution, and how we might exploit

their unique properties as a route to broader reforms. In what follows, we pro-

pose a series of four potential roles for computing research that may be well-

aligned with efforts for broader social change.

The roles we offer here are intentionally modest: they are ways to leverage

the particular attributes of computational work without over-claiming its ca-

pacity. We argue that these are worthy and plausible aspirations for our nascent

field. And like any attempt to effectuate change, the approaches we outline
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carry hazards of their own, which we also explore below.

Our list is illustrative, not exhaustive, and our categories are not mutually

exclusive. In this highly generative moment for technical work oriented toward

social problems, we do not seek the last word on how researchers might con-

sider the broader impacts of technical work that responds to social concerns.

Rather, recognizing the critiques we have discussed above, our goal is to de-

lineate practical, thoughtful, and engaged paths forward for computing in the

service of social change.

11.1 Computing as Diagnostic

Computing helps us understand and measure the contours of social problems.

While computing cannot unilaterally provide solutions to broad social prob-

lems, it can yield useful tools to diagnose and precisely characterize those prob-

lems. Diagnostic computational approaches, used in tandem with other empir-

ical methods, can provide crucial evidentiary support for work that attends to

values in technology — even if computation itself is an insufficient remedy.

Many now-classic studies in the field take this approach, giving us a new

sense of the shape and depth of a long-standing problem by applying a com-

putational lens. Latanya Sweeney’s analysis of ad delivery platforms demon-

strated, among other things, that arrest-related advertisements were more likely

to appear in response to searches for first names commonly associated with

African-Americans (Sweeney, 2013), likely reflecting Internet users’ dispropor-

tionate propensity to click on ads suggesting that African-Americans have crim-

inal records. Teams of computer science researchers have demonstrated the
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gender biases inherent in word embeddings and the difficulties they create for

machine translation and other language tasks (Bolukbasi et al., 2016; Caliskan

et al., 2017). More recently, Buolamwini and Gebru demonstrated that several

commercially available facial analysis systems perform significantly worse on

women and individuals with darker skin tones (Buolamwini and Gebru, 2018).

These analyses — and others in the same spirit (e.g. Krauwer, 2003; Ober-

meyer and Mullainathan, 2019; Raji and Buolamwini, 2019) — have enhanced

our ability to document discriminatory patterns in particular socio-technical

systems, showing the depth, scope, and pervasiveness of such problems and

illuminating the mechanisms through which problems occur. They can pro-

vide particular value in contexts in which components of the system are “black-

boxed”: when the criteria of decision-making (and the values that inhere

therein) are obscured by complexity, trade secret, or lack of transparency, diag-

nostic studies can provide an important means of auditing technical processes

(Sandvig et al., 2014). And yet, while these studies sometimes point toward im-

provements that could be made (e.g., train facial analysis systems on a more

diverse data set; use caution with language models trained on text corpora with

ingrained human biases), they do not purport to offer computational solutions

to the problems they illustrate.

The benefits of computational diagnostics extend beyond socio-technical

systems, yielding valuable insights into broader social problems stemming from

sources that are not computational in nature. For example, in Chapter 7, we

discuss how we can leverage search data to surface unmet health information

needs across the African continent, with implications for health policy in the off-

line world. Researchers have also applied techniques like satellite imagery and
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spatio-temporal analysis to characterize rural development patterns (Hu et al.,

2019; Kulinkina et al., 2016; De-Arteaga et al., 2018). These studies, and many

more like them, demonstrate the power that computational techniques have to

shed light on a broad range of social issues.

Without purporting to resolve underlying social problems, diagnostic stud-

ies that use computational techniques can nevertheless drive real-world impacts

on the systems they investigate. For example, in response to Buolamwini and

Gebru’s findings (Buolamwini and Gebru, 2018), Microsoft and IBM reported

that they had improved the accuracy of their facial recognition technologies

along gender and racial lines (Puri, 2018; Roach, 2018). Continued advocacy

following this work has led to government action questioning, limiting, and

prohibiting the use of facial recognition in a number of contexts.

Thus, computational techniques can prove valuable in diagnosing some of

the problems raised by socio-technical systems, prompting discussion about the

significance of these findings and potential responses. In support of these goals,

recent work has sought to advance the diagnostic role that computing can play

by providing a principled approach to interrogate the machine learning pipeline

(Gebru et al., 2018; Mitchell et al., 2019). These diagnostic efforts do not present

themselves as solutions, but rather as tools to rigorously document practices.

Thus, when compared with other computing interventions that aim directly at

incremental improvements, they are less vulnerable to becoming a substitute

for broader change. These efforts are not intended to absolve practitioners of

the responsibility to critically examine the system in question, but instead to aid

in that investigation.

Some important caveats are warranted. First, computing is not unique in its
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capacity to help us diagnose social problems. Disciplines like science and tech-

nology studies (STS), sociology, and economics provide their own sets of tools

to interrogate socio-technical phenomena — including tools that capture impor-

tant dimensions poorly addressed by computational approaches. For example,

descriptive ethnographic research is essential for understanding how social and

organizational practices intersect with technical systems to produce certain out-

comes (e.g., (Brayne, 2017; Christin, 2018). Computing is only one of multiple

approaches that should be brought to bear on the analysis — even when it may

appear that the system in question (e.g., facial recognition technology) is pri-

marily technical. A holistic analysis of a socio-technical system must draw from

a wide range of disciplines in order to comprehensively identify the issues at

stake (Crawford and Calo, 2016; Selbst et al., 2019).

Second, our optimism as to the potential benefits of computing as diagnostic

must be tempered by a healthy degree of skepticism. Once metrics and formu-

lae are used to characterize the performance of a system, individuals and orga-

nizations may have incentives to optimize towards those metrics in ways that

distort their behavior. This process puts any targeted metric at risk of becoming

a less useful measure over time — a phenomenon known as Goodhart’s Law

(Hoskin, 1996) or Campbell’s Law (Campbell, 1979). We can see this worry in-

stantiated, for example, in the EEOC’s 4/5th rule. The rule applies to employee

selection procedures, and holds that when the selection rate for one protected

group is less than 80% of that of another group, such a gap is strong evidence of

proscribed disparate impact discrimination. Initially intended as a guideline to

aid in diagnosis of potentially discriminatory practices, it has become a target

in itself for practitioners who strictly enforce the 4/5th rule while sometimes

failing to consider other aspects of discrimination and bias. Thus, when using
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computational techniques as diagnostic tools, care must be taken to prevent di-

agnostics from implicitly becoming targets.

Third, the diagnostic use of computational techniques requires access to rele-

vant information, and this is a significant barrier in many cases. Analytic efforts

can often be stymied or limited by precisely the power structures that could

otherwise be diagnosed as in need of change. For example, spurred in part by

lobbying by the National Rifle Association, a 1996 spending package included

a provision known as the Dickey Amendment that discouraged the Center for

Disease Control from studying gun violence in the United States (nra, 1996). A

recent federal budget bill clarified that such research is allowable, but declined

to appropriate funds for such research (Laslo, 2019; Weixel, 2018). Similar re-

strictions apply to the study of policing and police shootings — our ability to

diagnose the extent of the problem through computational means is hamstrung

by the lack of comprehensive data (Davis and Lowery, 2015; Harmon, 2012).

These limitations are also mirrored in the private sector, where corporations

operate black-box algorithms, often with little oversight (Pasquale, 2015). In this

context, a number of studies seek to characterize proprietary algorithms used in

news curation (Lurie and Mustafaraj, 2019), resume search (Chen et al., 2018),

and ad delivery (Ali et al., 2019; Datta et al., 2015). While these diagnostic efforts

give us insight into the workings of the algorithms they study, it is important to

recognize that their methodologies (and very existence) are largely dictated by

the means of access afforded by the same corporations they study. In such cases,

it can be infeasible to provide a fully comprehensive or conclusive diagnosis.

Finally, it can be tempting to view diagnosis itself as a goal: precisely stating

the problem, we might hope, will naturally lead to a solution. Indeed, a good
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diagnosis can motivate the relevant parties to work towards remedying the con-

cerns it surfaces. The above examples, and others that follow in subsequent sec-

tions, demonstrate that illuminating a problem through technical examination

can lead toward positive change. However, it is important not to confuse di-

agnosis with treatment: there are a number of domains in which we are well

aware of the extent of the problem (e.g., mass incarceration or homelessness),

yet do not have sufficient will or consensus to adequately address it.

11.2 Computing as Formalizer

Computing requires explicit specification of inputs and goals, and can shape how social

problems are understood.

People and institutions that make important choices often speak in general

terms about what they are doing. A standard that says that social workers must

act in the “best interests of the child,” for instance, or an employer’s stated in-

tent to hire the “most qualified applicant,” leave wide latitude for interpretation.

This vagueness is a double-edged sword. At its best, such broad flexibility lets

decision-makers consider factors that are specific to a particular case or situa-

tion, and that could not be stated in a rigid rule. Vagueness is also an important

political tool: laws are often worded broadly because no majority of legislators

could agree on a more specific plan.1 Yet an underspecified standard may ef-

fectively delegate important choices to people and situations that are less open

to scrutiny and supervision, and where individual prejudice may play a larger

1In one famous example of legislative imprecision, the Sherman Act – the statute that cre-
ated and that still governs American antitrust law – forbids “conspiracies in restraint of trade”
without making clear what those are.
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role. The relative merits of holistic and flexible “standards” versus more rigid

and consistent “rules” are a prominent topic of debate among legal scholars.

A computational model of a problem is a statement about how that prob-

lem should be understood. To build and use a model is to make, and to pro-

mote as useful, a particular lens for understanding what the problem is. The

nature of computing is such that it requires explicit choices about inputs, objec-

tives, constraints, and assumptions in a system. Increasing the role of comput-

ing within high-stakes decisions, therefore, often moves decision-making away

from generalized standards and toward more explicitly specified, rule-based

models (Citron, 2018). The job applicant who is ranked first by a statistical

model or other algorithm will not simply be the one holistically deemed most

qualified; she will be the one ranked first by the operation of discrete numbers

and specific rules. Those rules will reflect a range of concrete judgments about

how job performance should be defined, measured, and forecasted.

This quality of computing is often bemoaned: algorithms are cold calculators

that collapse nuance and execute their tasks in ignorance of the histories and

contexts that precede and surround them (Eubanks, 2018a; Noble, 2018; Selbst

et al., 2019). But this same quality may also be a source of political potential.

Because they must be explicitly specified and precisely formalized, algorithms

may help to lay bare the stakes of decision-making and may give people an

opportunity to directly confront and contest the values these systems encode.

In the best case, the need to disambiguate general policy aims may provide

a community with important touch-points for democratic deliberation within

policy processes.

Of course, just because decisions must be made about how to formalize a
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problem does not mean those decisions will necessarily be made in a transpar-

ent, inclusive, or accountable way. More often, perhaps, they may not be. Still,

the formalism required to construct a mathematical model can serve as an op-

portune site of contestation, a natural intermediate target for advocacy. Trans-

parency and accountability, moreover, are themselves intermediate virtues: ad-

vocates will most often pursue these ends not out of an abstract interest in pro-

cedural questions, but rather as a way to influence the substance of decisions

that the eventual algorithm will reach.

Complex models are often inscrutable: it may be difficult to describe why

particular features were chosen or weighted a certain way. But any such model

is surrounded by technical and policy choices that are amenable to broad under-

standing and debate. The choice of objective function, for instance, and debates

over which features to use as candidates for inclusion in the eventual learned

model, are frequently delicate and politically important questions. The process

of formalization requires that someone make these decisions — and gives us the

opportunity to explicitly consider how we would like them to be made.

The growing prominence of computing makes the politics of formalization

ever more important. The assumptions in a model may be rigid, but the act of

choosing those assumptions is, paradoxically, a creative one, and increasingly

important to social and political outcomes. In many settings where automated

decision-making tools are used, this creative process of designing a system is an

opportunity for non-technical stakeholders, including responsible officials and

members of the public, to hash out different ways in which a problem might

be understood. Questions of this nature include: what is the specific predicted

outcome that serves as the basis for decision-making, and why was it chosen
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over competing alternatives (Passi and Barocas, 2019)? Which factors should be

treated as indicia of “good” job performance (Barocas and Selbst, 2016)? How

much risk should be considered “high” risk, meriting special treatment or at-

tention from a court or a social services agency (Koepke and Robinson, 2018)?

In some cases, computing researchers have explicitly recognized the formal-

ization process as an opportunity to change how stakeholders perceive the prob-

lem domain. For example, researchers who work on matching mechanisms for

refugee resettlement have argued that by using more information about local

communities — for instance, matching refugees to places that already have a

successful cluster of earlier immigrants speaking the same language — they can

improve resettlement outcomes and in turn increase the number of refugees

that communities are willing to accept (Delacrétaz et al., 2016; Jones and Teytel-

boym, 2018; Kominers, 2018). Such steps are important because, as Robert Man-

duca has argued, “many of our pressing social problems cannot be solved by

better allocating our existing sets of outcomes” (Manduca, 2019). The process

of formalizing problems in this manner can help expand the set of outcomes

considered achievable.

In other cases, the formalization process has become a site of political and

moral contestation among stakeholders. For instance, using statistical models to

assess those who have been accused of crimes is a controversial and widespread

practice. These tools are described as “risk assessment” tools, but the probabil-

ities that they actually forecast — such as the chance that the accused person

will miss a future appointment related to the case — do not directly correspond

to the narrow sense of “risk” that is legally salient at a bail hearing, namely the

risk that the defendant will abscond from the jurisdiction or will violently harm
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another person before a trial can be held (Koepke and Robinson, 2018). In situ-

ations like this, where the relevant risk is substantially narrower and more seri-

ous than the risks actually being measured and predicted by an algorithm, the

algorithm effectively paints with too broad a brush, stigmatizing the accused

by implicitly exaggerating the hazard that they pose (Koepke and Robinson,

2018). Many failures to appear at a courtroom hearing are traceable to anodyne

causes like a lack of transportation, or confusion about the time and place of the

appointment. Formalizing the problem in a way that conflates these risks – as

some pretrial instruments do – is a substantive and consequential decision, one

that here operates to the detriment of the accused. For this among many other

reasons, a broad coalition of more than a hundred civil rights organizations, as

well as a substantial and growing number of technical experts on algorithms

and criminal law, either oppose the use of these instruments in the forms they

currently take or else have raised serious concerns about their use (Leadership

Conference on Civil and Human Rights, 2018).

The debate over how to formalize pretrial risk — and over how and indeed

whether to use these instruments — is highly active at the time of this writ-

ing. Many advocates and scholars have argued that any feasible formalization

of the problem, given the available data, will have drawbacks so serious as to

counsel against using actuarial methods at all (Eckhouse et al., 2018; Koepke

and Robinson, 2018; Leadership Conference on Civil and Human Rights, 2018;

Mayson, 2019). Other activists, even while objecting to data-driven methods

for these and other reasons, are also seeking to generate new kinds of data for

the pretrial system to use, such as formalized and measurable evidence of the

community support available to an accused person (Raj Jayadev, 2019). The in-

herent challenges of formally modelling this problem are driving both changes
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to the models being used, and a reconsideration of whether such models should

be used at all.

The moral reckoning of selecting objectives, inputs, and constraints can eas-

ily be undertaken without full exploration of alternative possibilities. Without

paying attention to the question of whether our formulation carefully reflects

the true goals of the domain, the selection of parameters can easily fall prey to

inaccurate assumptions or failures of imagination.

For instance, a discussion about the quality of employees in an organization

might implicitly assume that the relevant metrics for each employee could be

computed as a function of their attributes in isolation. This approach, however,

would be unable to assess the quality of the team of employees that results, since

a focus on individual attributes would fail to model anything about interactions

or complementarities among multiple employees. Such an analysis naturally

motivates considerations of synergy and diversity within an organization, via a

careful consideration of the underlying objective function (Page, 2008).

Analogously, a discussion about teacher quality might assume that measures

of a given teacher’s contributions should consider only the student learning that

happens inside their own classroom. Such a model would then ignore other

ways that teachers are known to contribute to student learning, such as the pos-

sibility that the sole teacher of color on an otherwise all-white faculty might

serve as an inspiring role model for students of color throughout that school,

boosting their results in many subjects (Obama, 2018). School district data is

already likely to include information about the gender and race of teachers, and

models could be built to consider such data. Building a computational model

of teacher performance that considers these factors, where it is possible, would
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require different choices about the data to be used for model development and

the assumed structure of the eventual learned model.

Although moral considerations are often important in determining system

design, practical factors — such as the cost savings involved in using readily-

available data, rather than gathering or generating different input data — often

play a vital role as well (Citron, 2018; Clarke, 1988; Passi and Barocas, 2019).

Judgments about the relative importance of moral and practical considerations

are themselves both moral and pragmatic in nature, and require a combination

of expert knowledge and normative input. Equally importantly, researchers

may be able to help illuminate the constraints and biases in existing sources

of data — such as child welfare “substantiation” outcomes, official findings of

disability, or police arrest patterns — and to underline both the importance and

the expense of generating alternative data that may be a necessary precondition

for socially responsible forecasting (e.g., (Wald and Woolverton, 1990)). This

opportunity for constructive intervention has a corollary — that technical work

can draw attention away from such issues, if researchers choose to assume that

such issues can safely be disregarded, or relegate them to a passing mention.

More broadly, the formalisms that a powerful institution adopts to judge

individual people risk focusing moral evaluation and attention on individuals

rather than on systems, a trend that some experts have long recognized as invid-

ious. As far back as 1979, Donald Campbell argued that those who study public

programs “should refuse to use our skills in ad hominem research. . . . We should

be evaluating not students or welfare recipients but alternative policies for deal-

ing with their problems” (Campbell, 1979). More recent work has echoed this

call for an evaluative focus on systemic “interventions over [individual] predic-
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tions” (Barabas et al., 2017).

Some values may be harder to incorporate into formal models than oth-

ers, perhaps because they are difficult to quantify (Friedman and Nissenbaum,

1996). What we choose to incorporate into models is also largely driven by the

available data, and this constraint may press both scholars and practitioners to

rely on measures that elide or distort important aspects of a situation, or that

are not conducive to advocating for broader change (Clarke, 1988). For stake-

holders primarily committed to values that may be ill-served by the process of

formalization, the decision to involve computing in a decision process may itself

be a morally controversial one.

11.3 Computing as Rebuttal

Computing can clarify the limits of technical interventions, and of policies premised on

them.

Critical reflections on the limits of computing may drive some stakehold-

ers — and at times, the political process as a whole — to reject computational

approaches in favor of broader change.

The belief that building and deploying computational tools is a neutral pro-

cess that can safely be assumed beneficial may be long debunked in academic

circles, but it remains a powerful force among policymakers and the general

public. When scholars of computing recognize and acknowledge the political

valence of their technical work, they can make it more difficult for others to

leverage computing — both practically and rhetorically — for political ends.
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Technical experts can be particularly effective in contesting claims about tech-

nologies’ capabilities and neutrality. This opportunity is the converse of the risk

that the technical research community may “fail to recognize that the best so-

lution to a problem may not involve technology” (Selbst et al., 2019), and that

exploration of technological approaches may distract from broader aims.

For instance, in the context of facial recognition and law enforcement, a

growing number of scholars and municipalities have concluded that the best

alternative to a bad algorithm might not be a better algorithm — it might be

no algorithm at all. Nabil Hassein was (to our knowledge) the first to pub-

licly observe that working to equalize the accuracy of facial recognition across

racial groups is in a distinct category of effort from seeking to restrict the use

of surveillance based on facial recognition by law enforcement altogether (Has-

sein, 2017). The former approach addresses specific deficiencies in algorithms

used by government actors and others, while the latter argues that the use of

even a totally accurate facial recognition algorithm by police would be an am-

plifier for oppression and injustice.

Earlier, Kevin Haggerty made a similar point about CCTV surveillance. The

campaign against it had tried to push back against its adoption by pointing

out its lack of effectiveness: “for individuals concerned about the wider social

implications of surveillance technologies, debates about evaluation studies are

insidious precisely because they fixate exclusively on a standard of ‘function-

ing.’ Such a narrow frame ignores the prospect that the true nightmare scenario

might be that all of these technologies might actually work; that they might

function perfectly, with full enrollment, complete transparency, seamless in-

tegration and exacting discriminatory power. Indeed, when critics point out
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that a surveillance technology does not work, one wonders if they would be

thrilled if it did. Rather than confronting the dystopian potentials inherent in the

maximum surveillance scenario, the political/methodological knife fight seems

to unwittingly help drive systems towards developing ever-greater capacities”

(Haggerty, 2009).

Computational researchers focused on the risks of facial recognition seem to

have avoided the same trap this round, channeling their insights to raise alarm

about both its likely failures and threatening successes. In light of the concerns

Buolamwini and Gebru (Buolamwini and Gebru, 2018) raised, U.S. Senator Ka-

mala Harris and others wrote a series of letters to the FBI, FTC, and EEOC re-

questing information on the legality of facial analysis (Coldewey, 2018). Based

on subsequent studies (Raji and Buolamwini, 2019), a number of scholars pub-

lished an open letter calling on Amazon to stop selling its facial recognition

technology to law enforcement altogether (Concerned Researchers, 2019). Sev-

eral cities in the U.S. have issued bans against police use of facial recognition,

with further bans under consideration in the state of California and in the U.K.2

Similarly, a group of computing scholars called on Immigration and Cus-

toms Enforcement (ICE) to reconsider its plans to use an algorithm to assess

whether the applicant would become a “positively contributing member of so-

ciety” as part of its “Extreme Vetting” program. The experts explained that

“no computational methods can provide reliable or objective assessments of the

traits that ICE seeks to measure,” (Abelson and et. al, 2016) and the program

was later abandoned (Harwell and Miroff, 2018). Computing scholars and prac-

titioners can play a critical role in advocating against the inappropriate use of

2At the time of this writing, bans have been instituted in San Francisco, Somerville, and
Oakland.
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computational tools.

Further, by exposing the limits of what a more optimal allocation can ac-

complish on its own, computing can also help justify the non-computational

changes that are necessary for effective reform. A system for allocating scarce

housing beds may help give more precise estimates of the housing crisis and

shed light on different types of homelessness and what interventions may be

more appropriate for each type (Eubanks, 2018a) — which may, in turn, be

used to advocate for more progressive policy changes.3 Or, in the context of

child protective services, researchers can make clear that if implementation of

a risk assessment algorithm “is accompanied by clarification of goals, analysis

of resource needs, increasing training of workers, good supervision, and high-

quality services, it will certainly result in a vastly improved system. But with-

out the additional changes, risk assessment will be the emperor’s new clothes”

(Wald and Woolverton, 1990).

Another aspect of computing as rebuttal is work that uses a formalization

of the underlying computational problem to establish mathematically rigorous

limits on the power of algorithms to provide certain guarantees. One recent

example comes from the study of prediction algorithms for risk assessment:

formal analysis has shown that when two groups differ in their base rates for

some behavior of interest, any well-calibrated algorithm assigning probabilities

of this behavior to individuals must necessarily produce differences between

groups in the rate at which people are inaccurately labeled “high-risk” or “low-

risk” (Chouldechova, 2017; Kleinberg et al., 2016). This result thus establishes

3Eubanks discusses the January 2016 LA homelessness strategy report by Mayor Eric Garcetti
which benefited from a previously-implemented coordinated entry system for allocating home-
lessness services in the city. This report was followed by policy changes that increased funding
for low-income housing and homelessness services. (Measure HHH and Measure H.)
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that no matter what algorithm is employed, any way of assigning risk estimates

to two groups of differing base rates will necessarily produce a specific kind

of disparity in outcomes between the groups; we cannot eliminate the problem

through a better choice of algorithm. Formal results of this type can expose the

limitations of an entire category of approaches — in this case, the assignment

of numerical risks to individuals — in a way that the deficiencies of any one

specific algorithm cannot.

Thus, in a world where practitioners are tempted to pursue computational

interventions, technical experts have an inescapably unique contribution to

make in illustrating the inherent limits of computational approaches to the task.

Those who work on computational approaches can be particularly well posi-

tioned to recognize and declare these limits. Computing research has demon-

strated the impossibility, infeasibility, or undesirability of proposed policies in

other contexts as well. In the area of electronic voting, more than a decade of

research and effort has gone into establishing that secure, anonymous, and fully

electronic voting systems are infeasible with present and reasonably foreseeable

computer science methods. This view is now widely understood by policymak-

ers, and has led large numbers of policymakers away from initial misplaced en-

thusiasm for paperless high-tech voting equipment. Similarly, an authoritative

consensus among computing researchers about the infeasibility of satisfactorily

secure “backdoors” in encryption technology has played a major role in damp-

ening policymaker enthusiasm for Orwellian surveillance mandates (Abelson

et al., 2015).

Critiques of computing research can also illustrate the limitations of exist-

ing policy frameworks. The majority of computational research on fairness is
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built on frameworks borrowed from discrimination law–for instance, the def-

inition of protected categories, the aforementioned 4/5th rule as a metric for

assessing disparate impact, and, perhaps most crucially, the belief that fairness

can be achieved by simply altering how we assess people at discrete moments

of decision-making (e.g., hiring, lending, etc.). At best, discrimination law is

an incomplete mechanism to remedy societies marked by historic injustice and

deeply entrenched structures of oppression. Computational fairness work in-

herits these limitations, and critiques of the narrowness of that work might also

be read as critiques of the underlying legal frameworks on which they are built.

11.4 Computing as Synecdoche

Computing can foreground long-standing social problems in a new way.

Virginia Eubanks’ acclaimed ethnography Automating Inequality tells the sto-

ries of three automated systems used to administer public services in different

parts of the country (Eubanks, 2018a). We learn about an attempt to automate

welfare eligibility determinations in Indiana which wreaks havoc on the lives

of the state’s most vulnerable. In Los Angeles, the county’s “coordinated en-

try” system ranks homeless individuals in order to apportion the city’s limited

housing supply — treating basic human needs as resources to be strategically

allocated, not rights to be ensured. And in Allegheny County, Pennsylvania,

Eubanks tells the story of a risk model used to predict child abuse and neglect

that targets poor families for far greater scrutiny.

Eubanks’ book draws much-needed attention to these systems. But in dis-

cussing the book, and in the text itself, Eubanks is explicit that her core con-
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cern is poverty, not technology. For Eubanks, computing is just one mechanism

through which long-standing poverty policy is manifested. As she terms it,

data analytics are “more evolution than revolution”: they are a new instance of

the tools we’ve used for generations, built on the same notions of desert and

blame that have long characterized poverty discourse. Automated systems sit

alongside broader social policies and cultural attitudes that divert poor people

from the resources they need. Yet a technological lens does important work for

Eubanks: by framing her book through algorithmic instantiations of poverty

policy, she brings renewed attention to the plight of the poor writ large. It’s safe

to say that Eubanks’ work has garnered more attention (and attention from dif-

ferent spheres of influence) as a book about inequality through technology than

it might have if it were a book about inequality in general.

In this way, computing acts as a synecdoche — a part that stands in for the

larger whole in discourse and critique. Computing can offer us a tractable focus

through which to notice anew, and bring renewed attention to, old problems.

This approach is not uncommon in political discourse. Social problems are by

nature complex and multivalent; we rarely obtain purchase on a problem by

focusing on its entirety. In discourse and in policymaking, we often chip away

at big social issues by concentrating on their components — and for both better

and worse, technology critique often captures public attention. Even when we

ultimately are concerned about a broader problem and see computing as but

one (and perhaps not even the most important) facet of that problem, framing

it as a technology problem may be quite pragmatic. Such a focus can leverage

resources and attention that might not accrue otherwise. Put most bluntly, many

people would not pick up a book about poverty policy in general–but are game
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to read a critique of the algorithms used to administer it.4

Jack Balkin describes this as a salience function of new technologies. He pro-

poses that, rather than focusing entirely on technological novelty, researchers

should ask: “what elements of the social world does a new technology make

particularly salient that went relatively unnoticed before? What features of hu-

man activity or of the human condition does a technological change foreground,

emphasize, or problematize?” (Balkin, 2004). In his own analysis of the Internet

and free speech, Balkin emphasizes that digital technologies “place[] freedom

of speech in a new light” and “bring[] features of the system of free expression

to the forefront of our concern, reminding us of things about freedom of expres-

sion that were always the case” (Balkin, 2004). In writing about Internet speech,

Balkin tells us something about characteristics of speech more generally.

The significant risk, of course, is that a focus on the technological aspects of

a problem can restrict our attention to merely those aspects. A computing lens

can have the effect of masking and pulling political capital away from other

and more insidious facets of a problem, as well as other (non-technical) means

of addressing it.5 It can also make computing something of a scapegoat; to

reprehend computing for broad social wrongs may give us a convenient target

for outrage at systemic injustice, but in a way that does not build momentum

toward change. Further, using computing as a synecdoche strategically exploits

4As Eubanks writes, the United States stands in “cultural denial” of poverty, “a social process
organized and supported by schooling, government, religion, media, and other institutions” on
both the left and the right (Eubanks, 2018a) (p. 175).

5Eubanks laments this narrowed horizon in the context of poverty policy: “When the digital
poorhouse was born, the nation was asking difficult questions: What is our obligation to each
other in conditions of inequality? How do we reward caregiving? How do we face economic
changes wrought by automation and computerization? The digital poorhouse reframed these
big political dilemmas as mundane issues of efficiency and systems engineering: How do we
best match need to resource? How do we eliminate fraud and divert the ineligible? How do we
do the most with the least money?” (Eubanks, 2018a) (pp. 197-98).
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computing’s hegemony, but does not, at root, challenge it — and may in fact

reinforce tendencies to center the computational dimensions of problems while

dismissing their other aspects.

Some of these tensions have recently emerged in critiques of the labor prac-

tices that underpin the operation of algorithmic systems. In Finland, prison

laborers train a classifier on Finnish-language business articles; the startup run-

ning the project paid the prison the equivalent of what it would have paid Me-

chanical Turk workers for the same tasks. (It is not clear what proportion of the

payment went to prisoners themselves.) Though the story was reported pre-

dominantly within tech media verticals, and the prison’s practices decried by

notable critics of technology, others noted that there was “nothing special about

AI” (Chen, 2019) in the story: its technological framing was merely a new illus-

tration of long-standing practices. As Lilly Irani noted, “[t]he hook is that we

have this kind of hype circulating around AI” as a gloss on “really old forms

of labor exploitation.” Similar critiques focus on the working conditions of hu-

man content moderators who review violent, traumatic imagery for very low

wages, and without proper support for the toll such work takes on their mental

and physical health (Gillespie, 2018; Roberts, 2019). Low-wage and exploitative

work existed long before computing; computing snaps them into focus and ex-

acerbates them, but these are not merely computing problems, and we should

not treat them as though they were.6

6In another labor context, concerns about automation in the workplace (of the “robots will
take all the jobs” ilk) may also represent a technological scapegoat for deeper and more perni-
cious concerns about work precarity, capital accumulation, and the demise of affordable edu-
cation and the social safety net. The latest waves of workplace automation may be exciting so
much concern not because the technology is so fundamentally different from prior advances,
but because “the programs that helped Americans deal with how technology is always upend-
ing the job market were dismantled” (Spross, 2019) (emphasis added). An overemphasis on
robots obscures these broader problems and runs the risk of diverting further political capital
from them.
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Sebastian Benthall makes a pointed critique on this theme. Channeling com-

ments by Luke Stark, Benthall explains that, while debates about technology

may at root be debates about capitalism, “it’s impolite to say this because it cuts

down on the urgency that might drive political action. . . . The buzz of novelty

is what gets people’s attention” (Benthall, 2018b). Rather than viewing a tech-

nology lens as a pragmatic route into a broader social or economic problem,

Benthall contends that the AI ethics research community’s focus on engineers

and tech companies ultimately conflates academic and business practices, cre-

ates a convenient “us-versus-them” dialectic (in which the “them” is software

developers), and “serves as a moral smokescreen” that impedes effective cri-

tique of root problems. Benthall notes, for example, that the emphasis on AI

ethics in the critical community is “an awkward synecdoche for the rise of ma-

jor corporations like Google, Apple, Amazon, Facebook, and Netflix” (Benthall,

2018a) — and that the focus on technology rather than institutionalism or po-

litical economy necessarily circumscribes the issues that can be brought to the

table.

To recognize that technology is only one component of a broader sociopo-

litical system is not to give technology a free pass. The existence of a technol-

ogy may help to create the conditions to support and intensify a particular ar-

rangement of power. Langdon Winner described this quality as technology’s in-

herent compatibility with particular sociopolitical systems (noting, for instance,

that nuclear power is inherently compatible with centralized and hierarchical

decision-making as the social “operating environment” which allows the tech-

nology to function practically, whereas solar energy may be more compatible

with distributed egalitarian systems of decision-making) (Winner, 1980). Con-

tent moderation systems seem naturally to invite exploitative labor practices
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based on the scale and speed required and the nature of the content to be moder-

ated; the technology does not just happen to be paired with these practices, but

is a close fit for it. A synecdochal focus on computing must walk a pragmatic–

and tenuous–line between overemphasis on technical aspects, on the one hand,

and due recognition of the work computing does to reinforce social systems, on

the other.

11.5 Discussion

Technical work on prediction and optimization of resources in policy domains

can sometimes seem to favor slow and incremental approaches to social change

— taking a side, without necessarily intending to, against broader and more

sweeping redesigns of existing institutional arrangements. But as we have

sought to show, technical work can also operate as a constructive ally for broad

social change. In this chapter, we have described four ways computing re-

search can support and reinforce more fundamental changes in society and pol-

itics. Such research can help to diagnose problems, shape through formaliza-

tion the ways people understand social problems and possibilities, illuminate

the boundaries of what can be achieved by technical means, and make long-

standing problems newly salient. And it can do so in ways that are compatible

with taking less, rather than more, of today’s social landscape for granted.

Of course, while the above framework illustrates different roles that com-

puting research itself can play in social change, it does not explore the full range

of activities in which researchers may choose to engage. Computing scholars

are well-positioned to clarify the limits of what computing can and cannot do,
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expose failures in computing systems deployed in social contexts, and identify

missed opportunities for computing to assist in broader reforms. Indeed, many

of the examples mentioned above go beyond sharing research findings within

the academic community. They include efforts to make the work and insights

available to those working for social change (e.g., policy makers and activists),

and also to build awareness among the broader public. Such engagement from

computing scholars can allow us to move towards a human centered design

of algorithmic and AI systems and center the voices vulnerable communities

(Broussard et al., 2019). These activities are sometimes considered ancillary to

the research enterprise, but we believe the question of which activities are or

should be counted as “research” is a rich one that deserves further exploration

by the community, particularly in the context of efforts for social change.
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Part V

Conclusion and Future Work
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In this thesis, we discuss ways to build and leverage algorithmic and com-

putational techniques to improve societal welfare. The work presented here

draws from and builds on a range of techniques within algorithms and artificial

intelligence. The problems we tackle are inspired by a wide-range of domains

and are informed by insights from development economics, global health, pub-

lic policy, science and technology studies (STS), and sociology. As the use of

algorithmic and AI techniques becomes more pervasive, there is a growing ap-

preciation of the fact that the most impactful solutions often fall at the interface

of various disciplines and an acknowledgement for the potential benefits of a

unifying framework for addressing such problems.

We close by outlining a sample of future directions for research at this inter-

face. We present these directions divided up into five general categories – de-

veloping nations, education and mentoring, neighborhoods and housing, labor

and online platforms, and disadvantage and inequality, more generally. These

directions are neither meant to be representative nor exhaustive, but rather to

present some potential starting points to explore the use of algorithmic and com-

putational techniques to improve access to opportunity. Many of the problems

presented here are borne out of discussions in the MD4SG research community,

including in the workshop series, working groups, and colloquium series, as

well as a survey (Abebe et al., b; Abebe and Goldner, 2018a,b; Abebe and Gold-

ner).
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CHAPTER 12

FUTURE DIRECTIONS

12.1 Access to Opportunity in the Developing World

As discussed in Chapter 7, there are pervasive data inequalities between de-

veloping and developed nations. In many settings where we may wish to im-

prove access to information or resources in developing nations, there is a lack

of information regarding underlying matters—whether that be the prevalence

of diseases or accurate measurements of economic welfare and poverty—due to

the unavailability of high-quality, comprehensive, and reliable data (UN, 2014).

This limits the implementation of effective policies and interventions.

An emerging solution, which has been successfully demonstrated by the In-

formation Communication Technology for Development (ICTD) research com-

munity, has been to take advantage of high phone and Internet penetration rates

across developing nations to design new technologies which enable collection

and sharing of high-quality data. There has also been recent work from within

the AI community to use new data sources to close this information gap, in-

cluding that presented in Chapter 7. Such AI-driven approaches surface new

algorithmic, modeling, and mechanism design questions to improve the lives

of many under-served individuals. We discuss two particular areas in further

detail below:
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12.1.1 Agriculture

Agriculture accounts for a large portion of the economy in many developing

nations. Viral disease attacks on crops is a leading cause of food insecurity and

poverty. Traditional disease surveillance methods fail to provide adequate in-

formation to curtail the impact of diseases (Mwebaze and Biehl, 2016; Mwebaze

and Owomugisha, 2016; Quinn et al., 2011). The Cassava Adhoc Surveillance

Project implements crowd-sourcing surveillance using pictures taken by mobile

phones in order to address this gap (Mutembesa et al., 2018). The tool devel-

oped by this Makerere University-based team is set up as a game between farm-

ers and other collaborators, and aims to collect truthful, high-value data (e.g.,

data from hard-to-reach locations). This approach underlines interesting chal-

lenges, such as how to optimally incentivize individuals to collect high-quality

information and how to augment this information with existing sources. Note

that similar issues have been in other domains—e.g., in citizen science and in

computational sustainability (Xue et al., 2016a,b).

Lack of information also leads to inefficiencies in existing systems. For in-

stance, large price discrepancies and major arbitrage opportunities present in

markets for agricultural products in Uganda suggest large market inefficien-

cies (Ssekibuule et al., 2013). To alleviate this, Newman et al. (2018) introduce

Kudu—a mobile technology that functions over feature phones via SMS service.

Kudu facilitates transactions between farmers in rural areas and buyers at mar-

kets in cities by allowing sellers and buyers to post their asks and offers. This

contribution, and more broadly concerns around market inefficiencies and in-

formation access in developing nations, presents an opportunity to investigate

other interventions that can improve outcomes for farmers. For instance, recent
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work by AgriPredict – an organization working to support small-holder farm-

ers in Zambia – discusses the role of middlemen in markets in Zambia (Simbeye

et al., 2019). Modeling the role of middlemen may help identify middlemen-

based interventions to improve access to market information for small-holder

farmers.

Another prominent inefficiency in agriculture is related to farm lands. Bryan

et al. (2017) argue that land fragmentation and misallocation of high productiv-

ity land leads to decreased agricultural productivity. Naturally occurring mar-

kets are slow at reallocating land to resolve these issues. Bryan et al. (2017)

present results from a field experiment in Kenya showing that simple market

design-based land exchanges can help alleviate these issues. This work on land

reallocation is tied to the fair division literature discussed in Part II and espe-

cially in Chapter 5. By bridging this literature gap, and in particular building on

the fair division on graphs work, we may be able to identify further opportuni-

ties for improving land reallocation that can work under more general studies

and may be able to scale to larger problem instances than those studies in Bryan

et al. (2017).

12.1.2 Poverty-Reduction

Availability of new technologies also presents opportunities to tackle funda-

mental problems related to poverty. Advances in last-mile payment technolo-

gies, for example, enable large-scale, secure cash transfers. GiveDirectly lever-

ages this and the popularity of mobile money across the world to create a sys-

tem where donors can directly transfer cash to recipients (GD; Blattman and
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Niehaus, 2014). GiveDirectly moves the decision about how to use aid from

policy-makers to recipients, giving recipients maximum flexibility. Such aid

generates heterogeneity in outcomes—e.g., families may use aid to start a busi-

ness, pay rent, cover health costs, and so on. Policy-makers used to prioritizing

specific outcomes may be uncomfortable by such a model. A research question

then is: can we predict how a given population will use aid? Likewise, how can

we target people for whom the interventions will make the largest difference?

Can we model and analyze the effects of individual- versus community-based

targeting? Aid has historically been targeted on the basis of finding the most de-

prived people. The ability to model heterogeneous treatment effects opens the

door for designing more nuanced mechanisms that fairly and efficiently allocate

subsidies in order to maximize a desired outcome.

A separate topic of interest is understanding what mechanisms already exist

in communities to mitigating the impact of poverty and economic hardship. For

instance, across many developing nations, communities use saving circles and

their close counterparts. There is a long line of empirical work that studies the

role of saving circles within communities and their potential effects (Pankhurst

and Mariam, 2000; Ito, 2003; Nnyanja, 2017; Abamagal and Abamagal, 2019).

There remain, however, many open questions related to modeling and analyz-

ing the role of saving circles. By modeling these programs, we can ask questions

around robustness of existing saving circles, optimal composition of saving cir-

cles, and other design questions around their formation. We can also examine

the relationship between shocks, such as those studied in Chapter 4 and saving

circles.

Problems in the developing world surface unique challenges at the intersec-
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tion of AI, Information Communication Technology for Development (ICTD),

and development economics. Solutions often have to be implemented in

resource-constrained environments (e.g., over feature phones or with low net-

work connectivity) (Brunette et al., 2013; Patel et al., 2010). Key populations of

interest (e.g., women, people living in rural parts, individuals with disabilities)

may not be easily accessible (Sultana et al., 2018; Vashistha et al., 2015b,a). Indi-

viduals may have low-literacy (Sambasivan et al., 2010). Lack of understanding

of socio-cultural norms and politics, furthermore, may inhibit proposed inter-

ventions (Vashistha et al., 2018). All of these highlight the need for a multi-

stakeholder approach that leverages technological advances, innovative techni-

cal solutions, and partnerships with individuals and organizations that will be

impacted by the solutions.

12.2 Education, Information, and Mentoring

There is a long history of research in economics and computation using algo-

rithms and mechanism design-based approaches to improve outcomes in edu-

cation (Abdulkadiroğlu and Sönmez, 2003; Pathak and Sethuraman, 2011; Ab-

dulkadiroğlu and Sönmez, 1998). Many of these works have helped increase

access to quality education for low-income students, students with disabilities,

students with special needs, and others belonging to disadvantaged groups.

Within problems related to school choice, outcomes are often evaluated

based on the quality of the match of each student. In many settings, however,

there may be other desired criteria such as overall diversity of the schools by dif-

ferent demographics. e.g., we may wish to ensure that each school has a fixed
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percentage of students from a given neighborhood, gender, income-group, or

a combination of such factors. How do we best design mechanisms for school

choice in settings where are rich diversity requirements? And how can we quan-

tify the change in the quality and composition of matches in these settings?

Information provided to parents, students, teachers, and schools play a cru-

cial role in education. Summarizing a body of work, Chan (2017) argues that

information can change outcomes in settings where parents have little infor-

mation on the costs of colleges or tax credits, on returns to schooling, or on

possible available schools. Likewise what information students have regarding

college enrollment, selecting courses, or possible careers is a crucial point. Chan

(2017) discusses that information-only or nudging-based interventions have

been shown to result in a mix of improvements. However, there is less known

on the optimal timing, frequency, combination, and model of giving informa-

tion or providing nudging. Likewise, there remain numerous open questions

related to combined effects of providing information and nudges to students

as well as their peers, teachers, or parents. Each of these directions leave open

questions related to how to best combine and present information by building

on insights from education and behavioral economics. Further design questions

involve, also, how, whether, and when to democratize this process by allowing

students and parents to determine what information or nudges they prefer.

In other questions within education, such as assignment of teachers to

schools, desired outcomes may be less well-defined. Assigning teachers to

schools is an especially salient problem in many developing nations where there

are often centralized processes. Matching questions in this setting are complex.

E.g., how do we compare outcomes from assigning high performing teachers to
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high performing schools or vice versa? Furthermore, how do we tackle these

assignment problems when classrooms are heterogeneous, consisting of a mix

of high-performing and low-performing students? How do we compare vari-

ous desirable outcomes in settings where there are different distributions of stu-

dent performance in classrooms? E.g., do we want to assign higher-performing

teachers to class-rooms with a wide-range in student performance or lower-

performing teachers where higher performing students may serve as peer in-

structors to lower-performing students? The availability of both centralized and

decentralized markets for assigning teachers to schools also presents opportuni-

ties to compare welfare outcomes for teachers, students, and schools (Lo, 2017).

At a high level, the question of setting objective functions or measuring wel-

fare in education systems is a complex one. Based on a survey of related lit-

erature, Lo (2017) highlights the challenge of measuring welfare in education

systems, asking “what is the underlying objective of education, and how do we

measure how well we are doing?”

The study of mentors in education has a long history in the social sciences,

ranging from peer-to-peer mentors to teacher-to-student mentors and other

forms of mentorship. While there is empirical work that sheds light on what

characteristics of mentor-mentee matches appear to improve educational out-

comes, there remain numerous questions related to how matches themselves

might evolve over time. How do we measure the quality of such matches, when

the match quality may itself be multidimensional and dynamic? What aspects

of the quality of matches evolve over time and can we predict this? What makes

a “good mentor” or a “good mentee”? What aspects of these characteristics are

universal and what aspects are dependent on the mentor-mentee matches? The
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availability of data on mentor-mentee interactions as well as programs through

professional societies – such as in computer science and economics – presents

an opportunity to tackle some of these questions.

12.3 Communities, Housing, and Homelessness

Allocation of resources—such as public housing, housing vouchers, and home-

lessness services—has a long history in the economics and computation liter-

ature. Even simple-to-state problems in this setting give rise to challenging

research questions, many of which are still open. Increased scarcity of hous-

ing resources, growing need for services, and the use of algorithmic decision-

making tools all open up several avenues with major opportunities for reform-

ing policies and regulations. Below, we discuss some foundational work, new

challenges, and opportunities that emerge at the nexus of algorithm and mech-

anism design, AI, and the social sciences.

Millions of individuals across the US have been evicted or are at risk of expe-

riencing eviction every year. In recent work, Desmond (2012, 2016) shows that

eviction is much more common than was previously documented. By compil-

ing the first ever evictions database, Desmond shows that there is an estimate of

2.3 million evictions in 2016 alone and argues that eviction is a leading cause of

poverty (EL, 2018). This and related datasets allow us to ask questions related to

the causes and consequences of housing instability and eviction on individuals

and families. We can, in turn, use these to design algorithms and mechanisms

that can improve the allocation of housing services.

In related work, Kube et al. (2018) uses counterfactual predictions to improve
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homelessness service provisions. By doing so, they realize some gains on re-

ducing the number of families experiencing repeated episodes of homelessness.

The Milwaukee Area Renters Study allows us to ask similar questions on what

causes eviction. A separate question is related to the impact of eviction on com-

munities. Combining data provided through the Eviction Lab and other county-

level information, we can also investigate the impact of increasing/decreasing

levels of eviction within a community on the fabric of communities and out-

comes on labor, education, safety, crime, and other welfare measurements of

interest.

At the same time, (Eubanks, 2018a) emphasizes that caution must be taken

when using automated decision-making tools for allocating limited resources

in such high-stakes scenarios. Eubanks argues that such tools may be used to

reduce failure rates by caseworkers; but, if not approached with care, they can

deepen already existing inequalities. Furthermore, such tools alone are limited:

they do not address the lack of housing and homelessness resources or eliminate

human biases or discrimination. It is therefore crucial to take advantage of the

confluence of insights from across many disciplines in order to serve the needs

of such vulnerable populations.

An issue that is growing in prominence in housing contexts is that of infor-

mation. Little is documented about how landlords or housing authorities screen

applications and make decisions. Ambrose and Diop (2016) show that there is

increased restriction in access to rental housing since landlords mitigate infor-

mation asymmetry by investing in screening tenants. With the increased use

and availability of data about individuals, it is of paramount importance to un-

derstand the role of information in the decision-making process of entities, such
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as landlords or housing agencies, who have enormous discretion in how and

whether families are housed.

Due to increased scarcity of resources, allocation protocols often involves

waiting lists and priority groups. Policy constraints make wait-list design a dy-

namic rationing problem rather than the static assignment problem discussed

above. Dynamic mechanisms present several technical and practical challenges;

e.g., incentive-compatibility may be infeasible in dynamic settings due to wait-

ing time trade-offs for applicants. There are consequential design decisions re-

lated to how to manage waitlists and different metropolitan areas have different

policies (e.g., setting priority groups, conditions under which individuals are

removed from the waiting list, set of choices, and many others). Each of these

policies impacts the dynamics of the allocation process, waiting time, and qual-

ity of matches. Recent work has studied how to design mechanisms satisfying

various desiderata and quantify differences in quality of matches across vari-

ous mechanisms (Arnosti and Shi, 2018; Leshno, 2017; Thakral, 2016; Waldinger,

2017).

A crucial question related to the above is the use of algorithmic tools to

screen potential tenants. Despite the pervasive use of such tools, especially in

large cities in the US, there is little known about what data these tools use, how

and whether possible algorithmic discrimination is accounted for in the screen-

ing process, and how land-lords use information recommendations provided

by vendors that provide these tools. As the use of such tools is expanding, it is

of paramount importance to ask such questions in parallel.
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12.4 Labor, Online Platforms, and Discrimination

Online platforms are ubiquitous, providing a vast playground for algorithm de-

sign and artificial intelligence. Every policy decision, however, impacts and in-

teracts with the platform’s strategic users and there is increased attention being

paid to labor as mediated by online platforms and potential discrimination. Past

work has begun to investigate some aspects of platforms, of strategic agents,

and of discrimination in labor markets, but there are still major opportunities

for work at the intersection.

One central issue surrounding labor markets is that of hiring, in which a

firm takes information about a potential candidate and makes an employment

decision. Firms act as classifiers, labeling each applicant as “hire” or “not

hire” based on an applicant’s “features,” such as educational investment or a

worker’s productivity reputation. In the process of making hiring decisions,

however, the firm may potentially make discriminatory decisions—perhaps by

using protected attributes, or by not correcting for differences in applications

that stem from systemic discrimination (Bertrand and Mullainathan, 2004; Mar-

lowe et al., 1996). Bias in hiring decisions may arise due to implicit human bias

or algorithmic bias, in which algorithms replicate human and/or historic dis-

crimination that is reflected in the data on which they are trained (Broussard,

2018; Eubanks, 2018a; Noble, 2018; O’neil, 2016).

One recent line of work investigates hiring policies that achieve diversity or

statistical parity (with respect to certain groups) among the hired workers, and

how workers make their investment decisions (e.g. whether to attend college)

based on the hiring policies in place. Coate and Loury (1993); Fryer Jr and Loury
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(2013); Hu and Chen (2017) study settings where there is some known underly-

ing bias or historical discrimination against certain groups; the aim is to charac-

terize hiring policies that are optimal-subject-to-fair-hiring, and to quantify any

loss in efficiency compared to optimal-but-discriminatory policies. These works

explore two settings: first, when hiring decisions must be “group-blind,” that

is, they cannot take group membership into account, and second, when they are

“group-aware”. The aim is to choose hiring policies that will mitigate discrim-

ination against protected categories. Hu and Chen (2017) highlights additional

complexity that arises in dynamic settings where workers are hired based on in-

vestment decisions (e.g. college GPA) in an initial temporary labor market (e.g.

internships) and this job creates a worker’s initial productivity reputation that

is then used in the permanent labor market. Many of these findings also discuss

“trade-offs” between group-blind and group-aware policies.

Another aspect of labor markets is that a worker may have the ability to

pay to change a feature of her application in some illegitimate or unfair way

in order to improve her outcome in the labor market. Hardt et al. (2016) ex-

amine this problem from a robust machine learning perspective. Under certain

assumptions of the cost required to change an applicant’s reputation, they char-

acterize classifiers that optimally compared to the original reputation (before

the applicant modified it).

These are only two aspects at the interplay between hiring and strategic

agents; hiring, furthermore, is only one aspect of the labor market. Consider

today’s popular online labor markets, such as Mechanical Turk, Upwork, Task

Rabbit, and Lyft, in which the platform’s goal is to match workers to employ-

ers or jobs. In these labor markets, the platform’s decisions, even at a granular
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level, have a large impact on the workers and firms. Consider the following

platform decisions. Visibility: how many firms can workers see at a time? What

capacity do they have to search for job offers? Can workers see jobs and jobs

see workers? Initiation: which side (or both) can submit applications? Initiate

messaging? Set contract terms? Information: what information is displayed

about parties on the opposite side? Name? Photo? Ethnicity? Wage history?

Reputation?

Each of these decisions impacts the outcome—not only the quality of the

match, but also whether (and how much) discrimination occurs. In a recent

paper, Levy and Barocas (2017) outline categories of platform decisions which

may mitigate or perpetuate discrimination in labor markets, including the high-

level categories of setting platform discrimination policies or norms, structuring

information and interactions, and monitoring/evaluating discriminatory con-

duct.

In offline labor markets, it may be challenging or infeasible to collect data

to understand the nature and extent of discrimination. Online labor markets,

on the other hand, yield rich data about employer-employee interactions and

present the possibility of conducting experiments aimed at reducing bias and

discrimination or other desired societal objectives. For instance, Barach and

Horton (2017) look at the impact on hiring of hiding workers’ wage history.

Horton and Johari (2015); Horton (2018) look at the impact of trying to elicit

additional information (features) from workers or firms, and the impact of this

strategically-reported information on hiring. Horton (2017) examines who the

hired worker population is when a minimum wage is imposed on one platform.

Each of these provide insights into labor dynamics that may inform platform
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design and interventions.

12.5 Disadvantage and Inequality

Much of the work presented in this thesis, whether it is related to health, hous-

ing, or poverty, is inspired by the fundamental observation that many forms

of disadvantage are multi-faceted, dynamic, and difficult to measure (Grusky,

2018; Grusky and Weeden, 2016; Tumin et al., 2012). In the very first chap-

ter on “the questions we ask about inequality,” in his book Social Stratification,

Grusky taxonomize asset groups – economic, power, cultural, social, honorific,

civil, human, and physical – based on work by Grusky and Weisshaar (Grusky,

2018). This article further highlight that each of these can present themselves

in many different forms. For instance, economic disadvantage can manifest it-

self through wealth, income, or ownership. Likewise, cultural advantage can

manifest itself through knowledge, digital culture, and “good” manners.

Despite this long line of work in the social sciences about the many forms of

disadvantage, interventions often focus on a narrow measurement of welfare.

We discuss this in the context of economic welfare in Chapter 4. With the avail-

ability of large datasets and increasing collaboration across disciplines, there

is the prospect that we may be able to bring new insights into some of these

under-explored facets of disadvantage, provide measurements that adequately

capture complex interactions yet are simple enough to inform interventions, as

well as bring light to new forms of disadvantage. An example presented in this

thesis is measurements around access to quality health information.

One promising direction is related to networks and inequality. Algorithmic
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and computational work has developed a large set of techniques related to social

and information networks that has allowed us to ask questions around how in-

formation spreads, opinions form, polarization emerges, and networks evolve.

Questions around disadvantage and inequality can bring forth new network-

based questions. Some examples include: how can we quantify social capital,

how it forms, and how it evolves? What relationships exist between the dis-

tribution of individual welfare (such as income distributions) and global mea-

surements of network health (such as integration)? How do networks evolve

as a response to, for instance, large positive or negative shocks to a member?

What characterizes networks predominantly comprising disadvantaged com-

munities? How do state-of-the-art algorithms in networks – for instance for

link prediction – perform for advantaged versus disadvantaged communities?

What are the societal and policy implications for these?
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APPENDIX A

SUBSIDY ALLOCATIONS IN THE PRESENCE OF INCOME SHOCKS

We present missing proofs and examples from the main text in this section.

A.1 Non-zero Wealth: The Exponential Case

We consider three forms of subsidies – a wealth subsidy, income subsidy, and

mixed income and wealth subsidy – in this setting. Below, we show how to

optimally allocate subsidies in each of the three settings.

Wealth Subsidies. A wealth subsidy of zi reduces the ruin probability from

ψ(ci, ui, βi, δi) to ψ(ci, ui + zi, βi, δi). For the min-max objective, we can proceed

exactly as in the previous section, applying the priority algorithm from Section

4.2.1 using the functions fi(zi) = ψ(ci, ui + zi, βi, δi), and hence ordering agents by

their ruin probabilities.

For the min-sum objective, we use partial derivatives as in the previous sec-

tion as well. Specifically, we define our objective function to be

γ(z1, . . . , zn) =

n∑
i=1

wiψ(ci, ui + zi, βi, µi) =
∑

i

wi
βi

ciδi
e
(
βi
ci
−δi

)
(ui+zi).

We denote the term associated with zi with γi. Taking the partial derivative with

respect to zi, we get

∂γ

∂zi
=

(
βi

ci
− δi

)
wiβi

ciδi
e
(
βi
ci
−δi

)
(ui+zi). (A.1)

Since the process has positive drift, all of the partial derivatives are negative. It

is easy to verify that γ is strictly convex since the second derivative with respect
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to zi is strictly positive. We therefore define fi(zi) = −
∂γ

∂zi
and use this as a priority

ordering for the algorithm from Section 4.2.1.

Income Subsidies. The case for the income subsidy proceeds in the same way

as the wealth subsidy solution above. We optimize for the min-max objective

using the ruin probabilities. For the min-sum objective function, we define

φ(x1, . . . , xn) =

n∑
i=1

wiψ(ci + xi, ui, βi, µi) =
∑

i

wi
βi

(ci + xi)δi
e
(

βi
(ci+xi)δi

−δi

)
ui .

We take the partial derivative with respect to xi to get

∂φ

∂xi
= −

wiβi e−ui

(
δi−

βi
ci+xi

)
δi (ci + xi)2 −

β2
i ui e−ui

(
δi−

βi
ci+xi

)
δi (ci + xi)3 . (A.2)

We again has a convex minimization problem and we use fi(xi) = −
∂φ

∂xi
as an

ordering for the priority algorithm to find the optimal solution.

Mixed Income and Wealth Subsidies. We finally consider the case where the

planner can give a mix of income and wealth subsidies. We assume that each

unit of income subsidy counts toward the budget at a factor of k times the contri-

bution of each unit of wealth subsidy. So, we have a total budget of Bu +kBc = B,

where Bc is the total income subsidy and Bu is the total wealth subsidy allocated.

The optimal solution here directly applies the solutions for optimally allocat-

ing income and wealth subsidies shown above. Namely, our solution involves

2n variables corresponding to an income and wealth subsidy variable for each

of the n agents.

As above, for the min-max objective, we can proceed by applying the pri-

ority algorithm using the functions, fi(zi) = ψ(ci, ui + zi, βi, δi) and gi(xi) =

ψ(ci + xi, ui, βi, δi) and hence ordering the agents by their ruin probabilities. We

abide by the constraint that
∑

i kxi +
∑

i zi is at most B.
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As for the min-sum objective, we define fi(zi) = −
∂γ

∂zi
from Equation A.1 and

gi(xi) = −
∂φ

∂xi
from Equation A.2. We use these fi, gi in our priority algorithm, thus

ordering the agents by both of the partial derivatives.

A.1.1 Contrasting Prioritizations

Using the case where shocks are drawn from an exponential distribution, we

can note a rich set of examples where prioritizations by income, wealth, and

ruin probabilities can vary substantially from our solution for the income and

wealth subsidy problems.

Lemma 6. The priority ordering given by ruin probability (and likewise the

wealth subsidy solution) can be the reverse of the priority ordering given by in-

come and wealth, even when the priority ordering by income and wealth agree.

Proof. Given an agent i, we set ui, ci = 1 + iε and δi = 1/ci. The priority orderings

by income and wealth agree and have ordering (1, 2, . . . , n).

On the other hand, we note that the ruin probability for each agent i is given

by:
βi

ciδi
e
(
βi
ci
−δi

)
ui

=
βi

e(1−βi)
.

We set βi = 1
n−i+2 − ε. Note that βi ∈ (0, 0.5). As i increases, the ruin proba-

bility above also increases. Therefore, the priority ordering given by the ruin

probability is the exact reverse of the orderings given by the agents’ income and

wealth.

To note a similar result for the wealth subsidy, we first recall that each agent’s
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value for Equation A.1 is given by(
βi

ci
− δi

)
βi

ciδi
e
(
βi
ci
−δi

)
ui

=

(
β2

i − βi

ci

)
eβi−1

This equation has root βi =
√

5−1
2 . Thus, setting the βi as above, we note that this

value decreases as i increases, giving us a priority ordering that coincides with

the ordering given by the ruin probability. �

Lemma 7. The priority ordering given by the ruin probability can be the reverse

of the priority ordering given by the optimal solution for income subsidy and

wealth subsidy, even when the latter two coincide.

Proof. We let δi, ui = 1. For notational convenience, we set ri = βi/ci. The ruin

probability is given by

rier−1.

Equation A.1 yields

(ri − 1)rieri−1.

Note again that this has root ri =
√

5−1
2 .

On the other hand, Equation A.2 yields

−
βie

βi
c2
i
−1

c2
i

−
βie

βi
c2
i
−1

c3
i

.

We set βi =
( √

5−1
2 + εi

)
ci and let ci = 1 − 1

i+1 − ε. Therefore, ri =
√

5−1
2 + εi. We

note that the ruin probabilities are increasing in i.

On the other hand Equations A.1 and Equation A.2, used to determine the

priority ordering for wealth and income subsidies are both increasing in i, giv-

ing us a priority ordering that is the reverse of that obtained by using the ruin

probabilities. �
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Lemma 8. The priority ordering given by the optimal solution for income sub-

sidy can be the reverse of the priority ordering given by the optimal solution for

the wealth subsidy.

Proof. For each agent i, we let ci, ui, δi = 1. Evaluating Equation A.1, we obtain

(βi − 1)βieβi

e
.

And, evaluating Equation A.2, we obtain

−βieβi−1 − β2
i eβi−1.

Note that in the region βi ∈ [0.7, 0.8], the first value is increasing while the second

value is decreasing. Therefore, if we set βi = 0.7+ 0.1i
n , for each agent i, the optimal

solution for wealth subsidy would prioritize agents with smaller indices i and

the optimal solution for income subsidy would prioritize agents with higher

indices. �

A.1.2 Monotonicity Results

We can establish the monotonicity results as follows. For Equation A.1 evalu-

ated at zi = 0, we get (
βi

ci
− δi

)
ψ(ci, ui, βi, δi).

Since ui only shows up in ruin probability, which is monotone in wealth, this

above expression is also monotone in wealth. Likewise, Equation A.2 evaluated

at xi = 0 gives us:

−

wiβi e−ui

(
δi−

βi
ci

)
δici

2 +
β2

i ui e−ui

(
δi−

βi
ci

)
δici

3

 .
It is easy to see monotonicity by βi, ci, and δi.
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We show non-monotonicity results using the following example with three

agents:

Example 52 (Wealth Subsidy). We first show that Equation A.1 is not mono-

tone in ci, βi, δi. Suppose that wi, ci, ui, δi = 1 and βi = 0.5 for each agent. Then,

the value for Equation A.1 is −0.1516. To see non-monotonicity, we change the

values for ci, βi, δi as follows and evaluate Equation A.1:

c: Set c = (0.6, 1, 2), which evaluate to (−0.1176,−0.1516,−0.0886).

β: Set β = (0.1, 0.5, 0.9), which evaluate to (−0.037,−0.152,−0.081).

δ: Set δ = (0.6, 1, 2), which evaluate to (−0.0754,−0.1516,−0.0837).

Each of these induce a priority ordering (2, 1, 3) for the wealth subsidy in-

stead of the ordering (1, 2, 3) that would be implied by monotonicity.

We can show non-monotonicity in ui for Equation A.2 using the following

example with three agents.

Example 53 (Income Subsidy). Suppose we have agents where wi, ci, δi = 1

and β = 0.7. Set their wealth to be (0.1, 2, 5). Equation A.2 evaluates to

(−0.7269,−0.9220,−0.7029), giving us the claimed non-monotonicity result.
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APPENDIX B

A TRUTHFUL MECHANISM FOR ONE-SIDED MATCHING

B.1 The Lower Bound Construction

The construction uses a collection of overlapping submarkets named

M0,M1, . . . ,Ms. Associated with these markets are integer parameters kr, for

1 ≤ r ≤ s. There will be kr copies of Mr in the construction. As we shall see,

ks = 1, thus there will be exactly one copy of Ms.

Next, in Figure B.1 and Table B.1, we show the form of M0. The nodes in this

figure correspond to the items, and a directed edge (α, β), labeled by the name of

an agent, indicates that this agent was allocated portions of item α in the initial

solution and portions of β in the final solution. Items and bidders occur with

multiplicity possibly greater than 1 and this is called their size. In the initial

equilibrium, every item is fully allocated as the total size of the bidders and

items are the same; in the final equilibrium, item A0 is the one item that is not

fully allocated. Note that in each equilibrium, the conditions (5.3)–(5.5) from

Section 5.5.2 are satisfied.

We continue by presenting the constructions of markets Mr, for 1 ≤ r < s and

of market Ms in Tables B.2 and B.3, respectively. Ms is very similar to Mr; the

only difference lies in the presence of one additional item Is, which is the item

es, the losing bidder, will receive in the final equilibrium, plus one additional

bidder, is, who leaves in the final setting. In these markets, all items are fully

allocated in both equilibria.

To complete the construction we have to show that the various unspecified
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items A0, size 17,000

items B0, size 850

items C0, size 816 items D0, size 34

exit in final equil. items E0, size 33

exit in final equil.

items F0, size 1 items G0, size 5, alloc. to f0

items H0, size 1

a0

b0 b0

c0 d0

e0

d0

f0

h0 = a1

Figure B.1: The allocation in Market M0.

parameters can be chosen so that the conditions of (5.5) are satisfied for every

item-bidder pair. (It is immediate that (5.3)–(5.4) are satisfied.)

items Ar, size sa,r

items Br, size sb,r items Fr, size s f ,r

Buyers fr; exit in final equil.

items Cr, size sc,r

items Dr, size sd,r items Gr, size sg,r

Buyers gr; exit in final equil.

items Er = Ar+1, size 1 items Hr, size sh,r

Buyers hr; exit in final equil.

Buyers ar Buyers ar

Buyers br

Buyers cr

Buyers br

Figure B.2: The allocation Market Mr, 1 ≤ r < s. The parameters are specific in
the proof of Lemma 54.

Lemma 54. There are choices of values for the unspecified parameters for which the
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item A0 B0 C0 D0 E0 F0 G0 H0 = A1 q value
size 17,000 850 816 34 33 1 5 1

The initial equilibrium:
Bidder size 0

a0 17,000 1 1.5 0 0 0 0 0 0 1
b0 850 0 1 4687

7008 1.5 0 0 0 0 0.5
c0 816 0 0 1 0 0 0 0 0 0
d0 34 0 0 0 1 5/11 2 0 0 0
e0 33 0 0 0 0 1 0 0 0 0
f0 6 0 0 0 0 0 8

3
2
3

5
3

2
3

h0 1 0 0 0 0 0 0 0 1 0
t value 0 0.5 1 1 1 2 0 1

The final equilibrium:
a0 17,000 40

41
60
41 0 0 0 0 0 0 40

41
b0 850 0 292

205
4687
4920

438
205 0 0 0 0 192

205
d0 34 0 0 0 2 10

11 4 0 0 4
5

f0 6 0 0 0 0 0 16
5

4
5 2 0

h0 = a1 1 0 0 0 0 0 0 0 2 0
t value 0 20

41
79

4920
6
5

6
55

16
5

4
5 2 = tA,F

1

Table B.1: Market M0, showing normalized valuations, multiplicity of bidders
and items (their sizes), assignments (in bold), and the t and q values, for both
the initial and final equilibria. The overlap with Market M1 lis in item H0 which
is also item A1 and bidder h0 who is also bidder a1. Note that the t values for
H0 = A1 are the same in markets M0 and M1 in both equilibria, as are q values for
ho = a1.

items Es, size 1

items Is, size 1

Buyer is; exit in final equil.

Buyer es, the loser

Figure B.3: The allocation in Market Ms.
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item Ar Br Cr Dr Er Fr Gr Hr q value
= Ar+1

size sa,r sb,r sc,r sd,r 1 s f ,r sg,r sh,r

Initial equilibrium:
Bidder size

ar sa,r 1 2 1
2 0 0 vI

f ,r 0 0 0
br sb,r + sd,r 0 16

7 0 2
7

9
7 0 0 vI

h,r
2
7

cr sc,r 0 0 1 1
2 0 0 vI

g,r 0 1
2

fr s f ,r 0 0 0 0 0 1 0 0 0
gr sg,r 0 0 0 0 0 0 1 0 0
hr sh,r 0 0 0 0 0 0 0 1 0

t value 1 2 1
2 0 1 1 1 1

Final equilibrium:
ar sa,r

8
9vr

16
9 vr

4
9vr 0 0 vF

f,r
0 0 0

br sb,r + sd,r 0 16
9 vr 0 2

9vr vr 0 0 vF
h,r

0
cr sc,r 0 0 4

9vr
2
9vr 0 0 vF

g,r 0 0
t value 8

9vr
16
9 vr

4
9vr

2
9vr vr vF

f ,r vF
g,r vF

h,r

Table B.2: Component Cr, showing normalized valuations, multiplicity of bid-
ders and items (their sizes), and the t and q values, for both the initial and final
equilibria. va,F

r and vc,F
r are normalized factors, equal to the value of the assign-

ments using the initial valuations.

item Es Is q value
size 1 1

The initial equilibrium:
Bidder size

es 1 1 1/(vs + 1) 0
is 1 0 1 0

t value 1 1

The final equilibrium:
es 1 vs + 1 1 1

t value vs 0

Table B.3: Component Cs, showing the additional portion in addition to the part
shown in the preceding table.
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valuations specified above yield the claimed initial and final equilibria.

Proof. We need to choose the values vI
f ,r, vI

g,r, vI
h,r, vF

f ,r, vF
g,r, vF

h,r, the sizes kr, and the

size proportionality factors sa,r, sb,r, sc,r, sd,r, s f ,r, sg,r, sh,r so that for each buyer

in each equilibrium, its average value is 1, for 1 ≤ r ≤ s. First, we set sa,r =

sb,r + s f ,r + sc,r, sc,r = sd,r + sg,r, and sb,r + sd,r = 1 + sh,r.

Next, we observe that because the buyer h0 = a1, its values for H0 = A1 are

the same, i.e., 2 = 8
9v1, or v1 = 2 · 9

8 . Similarly, item Er = Ar+1, so vr+1 = 9
8vr. We

conclude that vr = 2 ·
(

9
8

)r
.

Now, for buyer br, we choose sb,r = 5
9 sd,r, for

16
7 sb,rkr + 2

7 sd,rkr

sb,rkr + sd,rkr
=

16
7 ·

5
9 + 2

7
5
9 + 1

= 1.

Thus sd,r = 9
14 (1 + sh,r) and sb,r = 5

14 (1 + sh,r). To ensure these values are integers,

we will make sure that 1 + sh,r is an integer multiple of 14.

We turn to the values vF
f ,r, vF

g,r, vF
h,r. We choose sh,r = 14bvr/14c + 13, and vF

h,r to

satisfy vF
h,r sh,r + vr = sh,r + 1; i.e., vF

h,r = (bvrc + 1 − vr)/bvrc. We need to confirm that

vI
h,r ≤

9
7 ; but vI

h,r = 9/(7vr) · vF
h,r < vF

h,r < 1, as vr ≥
9
4 .

Similarly, when vr >
9
2 , we set sg,r = b 2

9vrcsd,r (for when vr ≤
9
2 , this would set

sg,r = 0), and vF
g,r = sg,r+

2
9vr sd,r = sg,r+sd,r; i.e., vF

g,r = (b 2
9vrcsd,r+sd,r−

2
9vr sd,r)/b 2

9vrcsd,r.

Again, we need to confirm that vI
g,r ≤

3
2 ; but vI

g,r = 9/(4vr) · vF
g,r ≤ vF

g,r ≤ 1, as vr >
9
2 .

When vr <
9
2 , we set sg,r = d 9−2vr

2
3 vr−1
e and vF

g,r = (sg,r + sd,r −
2
9vr sd,r)/sg,r; but then

sd,r = 9, so vF
g,r = 1 + (9 − 2vr)/d 9−2vr

2
3 vr−1
e. Again, we need to confirm that vI

g,r ≤
3
2 ; but

vI
g,r = 9/(4vr) · vF

g,r ≤ 9/(4vr)(1 + 2
3vr − 1) = 3

2 .

As vr = 2 ·
(

9
8

)r
, vr ,

9
2 for any r.
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Also, we set s f ,r = b 16
9 vrcsb,r+b

4
9vrcsc,r and vF

f ,r s f ,r+
16
9 vr sb,r+

4
9vr sc,r = s f ,r+sb,r+sc,r;

i.e., vF
f ,r = (b 16

9 vrcsb,r + b4
9vrcsc,r + sb,r + sc,r − ( 16

9 vr sb,r + 4
9vr sc,r))/(b16

9 vrcsb,r + b 4
9vrcsc,r).

We can now calculate the following values.

sh,r = 14bvr/14c + 13

sd,r = 9(bvr/14c + 1)

sb,r = 5(bvr/14c + 1)

sg,r = 9b2vr/9c(bvr/14c + 1) for vr >
9
2

sg,r = d
9 − 2vr
2
3vr − 1

e for vr <
9
2

sc,r = 9(bvr/14c + 1) · (b2vr/9c + 1) for vr >
9
2

sc,r = 9 + d
9 − 2vr
2
3vr − 1

e for vr <
9
2

s f ,r = 5b16vr/9c(bvr/14c + 1)

+ 9b4vr/9c(bvr/14c + 1) · (b2vr/9c + 1) for vr >
9
2

s f ,r = 5b16vr/9c(bvr/14c + 1) for vr <
9
2

sa,r = 5(bvr/14c + 1) + 9(bvr/14c + 1) · (b2vr/9c + 1)

+ 5b16vr/9c(bvr/14c + 1)

+ 9b4vr/9c(bvr/14c + 1) · (b2vr/9c + 1) for vr >
9
2

sa,r = 14 + d
9 − 2vr
2
3vr − 1

e + 5b16vr/9c for vr <
9
2
.

We also set kr−1 = sa,rkr for 0 ≤ r < s, and create k0 copies of M0. Recall that

ks = 1. �

To conclude the lower bound analysis we lower bound the size of s and

hence vs. We observe that for vr >
9
2 , sa,r ≤ 5(vr/14 + 1) + 9(vr/14 + 1) · (2vr/9 + 1) +

5·16vr/9(vr/14+1)+4vr ·(vr/14+1)·(2vr/9+1) ≤ 4v3
r/63+91v2

r/63+143vr/9+14 ≤ 2v3
r ,
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as vr ≥
9
2 , and for vr <

9
2 , sa,r ≤ 14 + 9 + 80vr/9 ≤ 4v3

r .

Note that vs = 2
(

9
8

)s
. We can conclude that

k0 ≤ 4v3
s · 4

(
8
9

vs

)3

. . . 4
(8

9

)s−1

vs

3

= 4
(
2
(
9
8

)s)3

· 4
2 (

9
8

)s−13

. . . ·

(
2
(
9
8

))3

= (32)s

(
9
8

)s(s−1)/2

≤

(
9
8

)(s2+58s)/2

.

Thus the size of item A0 is at most 17000
(

9
8

)(s2+58s)/2
. But this is more than n/2 by

inspection of the construction. Therefore we can choose s in our construction to

satisfy 17000
(

9
8

)(s2+58s)/2
≥ n/2; thus

s2 + 58s)/2 · log
9
8

+ log 17000 ≥ log n − 1.

and hence

(s + 29)2 − 292 ≥ 2(log n − 1 − log 17000)/ log
9
8

So,

s ≥ (2[(log n) − 1 − log 17000 + 142]/ log
9
8

)1/2 − 29.

This implies

vs ≥

(
9
8

)(2 log n/ log 9
8 )1/2−29

≥ 2
√

2 log 9
8 log n−29 log 9

8

≥ 2
√

log n/2−5.
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APPENDIX C

MEASURING ACCESS TO HEALTH INFORMATION IN DATA-SPARSE

REGIONS

C.1 Additional Details on Data and Methodology

Data Cleaning. After generating the initial sets of all queries containing the

disease terms (“HIV” or “AIDS,” “malaria,” or “tuberculosis” or “TB,” re-

spectively), removing queries with two or fewer words, and scrubbing the

data to remove personal information, including all HIPAA identifiers (CDC,

2003), we manually examined a sample of 1,000 queries from each data set to

check whether they were relevant to the disease. The scrubber we used, Tee

anonymizer, extracts and replaces PII with more suitable specific placeholders.

For example, an email address gets replaced by the text emailpii. There are 13

different types of PII that are replaced including Name, Phone, Address, SSN,

CC, and so on. Of these samples, we found that all queries in the malaria data

set were related to malaria, but 4.5% of the queries in the HIV/AIDS data set

and 16.7% of the queries in the tuberculosis data set were off-topic, containing

phrases such as “tb dresses,” “TB Joshua,” or “4 TB.” To improve the quality

of the tuberculosis data set, we used these off-topic queries to generate a list

of common phrases that we then employed to filter out irrelevant queries from

the full tuberculosis data set. After this filtering step, we sampled a fresh set of

1,000 queries and found that only 7.0% were off-topic.

Languages Used. One potential source of bias in our data is that the way in

which the data were filtered may have caused us to miss relevant queries made
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in languages other than English. To understand the extent of this potential

problem, we examined the set of all search queries made on Bing anywhere

in Africa during February 5–11, 2016. We sampled 1,000 random queries from

this set and manually determined how many of these queries appeared to be

in English. Overall, 22.5% of the queries were in languages other than English.

Of the remaining 77.5%, all were either in English or could potentially have

been in English (i.e., the name of a celebrity or the name of a country). Most

non-English queries were in either Arabic, French, or Portuguese, and most

non-English searches were concentrated in a few countries. Morocco, Algeria,

and Egypt had especially high concentrations of non-English searchers; 49% of

queries from Morocco, 55% of queries from Algeria, and 61% of queries from

Egypt were not in English.

User Demographic Distributions. As reported in the main text, a portion of the

queries in our data sets were accompanied by self-reported age and/or gender

of the user. Users are identified by an anonymous ID. In this section, we present

some analyses to indicate the distribution of these values and associations with

population demographic statistics.

We first took all anonymous IDs that are associated with a query in any one

of the HIV/AIDS, malaria, or tuberculosis data sets. We look at all users who

reported ages between 18 and 50. Recall that this age range corresponds to

that considered for our analysis for age and topic usage. (We did not consider

individuals who report an age below 18 due to ethical considerations and above

50 due to data sparsity concerns.) We found that this age range account for

90%, 86%, and 87% of the queries made by users with age available for the

HIV/AIDS, malaria, and tuberculosis data sets, respectively.
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We further analyzed association of the reported age and gender of the users

with population statistics. Specifically, we use the statistics presented by DESA

(2017), which contains estimated population statistics for different age groups

given in 5 year age groups. We took the age ranges between 20 and 49 and

consider the fraction of the population in the age ranges 20–24, 25–29, . . . , 45–49.

Likewise, we consider the fraction of users who reported ages in these ranges.

We find a correlation coefficient of ρ = 0.9564 [0.6478, 0.9954] with p < 0.01.

Note, however, that this correlation coefficient drops significantly when adding

older ages due to the sparsity concerns present in our data.

Furthermore, 54.19% percent of anonymous IDs which report their gender

are men while 45.81% were women. On the other hand, 50.13 % of the African

population is female while 49.87% is male (DESA, 2017). This digital gap ob-

served by gender is consistent with findings that women (as well as older age-

groups, families in rural regions, low-literacy individuals, and other under-

served communities) have less access to Internet (ITU, 2017). Note, however,

accurate statistics disaggregated by the above groups is challenging to obtain in

many African nations.
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Symptoms
(0.93%)

pregnancy, effects, symptoms,
early, pathophysiology, treatment,
management, effect, pdf, compli-
cations, mouth, disease, sign, sore,
bitter, throat, nigeria, symptom, dar

malaria lip sores
malaria blisters on lips
bitterness in mouth and
malaria

Natural
Cure
(1.02%)

cure, natural, home, treat, treat-
ment, remedy, remedies, fever,
typhoid, treating, herbal, herbs,
medicine, leaf, leaves, good, cures,
naturally, lemon

pawpaw leave malaria rem-
edy
papaya leaf malaria
lipton tea for malaria

Epidemiology
(17.39%)

disease, people, year, africa, deaths,
download, die, communicable,
nigeria, song, number, virus, cases,
died, million, caused, mp3, tropical,
soty

malaria free sri lanka
lyrics malaria theme song
stoy- malaria mp3

Drugs
(1.31%)

prophylaxis, treatment, quinine,
dosage, pregnancy, dose, cdc, doxy-
cycline, prevention, artesunate,
children, malarone, chloroquine,
severe, table, treat, guidelines,
fansidar, treating

fansidar malaria dose
quinine maximum dose
malaria
artefan malaria dose

Breastfeeding
(1.05%)

drug, drugs, anti, baby, treat,
mother, treatment, breastfeeding,
medicine, pregnancy, cancer, fight,
good, child, taking, months, affect,
medication, babies

malaria breast milk
can a breast feeding mother
take malaria drugs

Diagnosis
(1.24%)

parasite, blood, test, parasites, film,
smear, thick, stain, slide, thin, mi-
croscope, giemsa, procedure, im-
ages, staining, field, medicine,
count, density

dar es salaam malaria
malaria swamp
swollen lip and malaria

Table C.1: Sample LDA topics for the malaria data set with representative words
and sample queries.
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Symptoms
(1.80%)

symptoms, signs, early, stages,
warning, list, sign, infection, pul-
monary, symtoms, babies, children,
infants, symptons, kids, toddlers,
cough, baby, symtomps

night sweat in tuberculosis
tuberculosis dry cough
tb feet and face swelling

Natural
Cure
(0.85%)

cure, treat, home, treatment, nat-
ural, history, remedies, medicine,
mdr, group, patient, taboola,
utm source, disease, long, re-
memdy, traditional, utm campaign,
treatments, herbs

tuberculosis cure discov-
ered
does moringa seed cure tb
tb reducing natural reme-
dies

Epidemiology
(0.93%)

africa, south, statistics, deaths, 2010,
death, provinces, sa, stats, show,
rate, prevalence, province, 2016, in-
cidence, african, graph, 2015, show-
ing

tb death toll sa
tuberculosis graphs
tb death provincial statistic

Drug
Side-Effects
(1.44%)

drugs, effects, side, treatment, anti,
medication, effect, drug, line, med-
ications, liver, list, anti-tb, preg-
nancy, dosage, anti-tuberculosis,
patients, adverse, induced

anti-tuberculosis drugs
anti tuberculosis combina-
tion
2nd line anti tb

Diagnosis
(1.28%)

diagnosis, culture, sputum, my-
cobacterium, gene, test, laboratory,
genexpert, smear, xpert, testing,
lab, microscopy, expert, negative,
stain, diagnostic, procedure, pul-
monary, collection

tb auramine staining
tb culture sensitivity
mycobacterium tuberculo-
sis acid-fast stain

Drug
Resistance
(1.11%)

drug, resistant, resistance, mul-
tidrug, treatment, multi, manage-
ment, therapy, drugs, multiple,
pdf, multi-drug, mycobacterium,
patients, antibiotic, mdr, active, ri-
fampicin, latent

multdrug resistant tubercu-
losis
extensively drug resistant
vs multidrug resistant tu-
berculosis

Table C.2: Sample LDA topics for the tuberculosis data set with representative
words and sample queries.

Coverage of Africa. Our search data covers all 54 nations of Africa. Figure

C.1 shows a heat map of the total search traffic during January 2016–June 2017

period by country and a heat map of the 2016 population of each country. The

Spearman correlation coefficient between total search traffic during the January
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Figure C.1: Left: Heat map of the total search traffic in each country during
the January 2016–June 2018 period. Right: Heat map of the population in each
country in 2016.

2016–June 2017 period by country and the 2016 population of each country is

ρ = 0.622 [0.591 − 0.651] with p < 0.01. The correlation between search traffic

and Internet penetration is ρ = 0.574 [0.540, 0.606] with p < 0.01.

Building on these insights, we run a multiple linear regression with the HIV

prevalence rate as the dependent variable and the fraction of searches associated

with the disease, Internet penetration, percent of population in urban settings,

population, and GDP as the explanatory variables. We find that the fraction of

searches containing the disease name explain some of the variance in disease

prevalence even after controlling for the other explanatory variables.

C.2 Analyses of the Popularity of Topics

Topic Popularity by Country. In the main section, we discuss the association

between the popularity of the Stigma topic for HIV/AIDS in a country and that
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country’s disease prevalence. We ran similar tests on the six topics included in

the table in the main body for the malaria and tuberculosis data sets. We find

a significant (multi-test corrected) relationship between the popularity of the

Epidemiology topic for tuberculosis and the tuberculosis incidence rate (r = 0.509

multi-test corrected p < 0.01). See Figure C.2.1

Figure C.2: Popularity of the Epidemiology topic versus tuberculosis incidence.

Topic Popularity by User Demographics. As we did for HIV/AIDS, we looked

at the topic popularity of the six topics of interest from the topic table in the main

section. Tables C.3 and C.4 list the correlation coefficients, where ∗∗ indicates a

p-value of less than 0.01 and ∗ indicates a p-value of less than 0.05. As we

saw in the HIV/AIDS data set, women and individuals in the 25–34 age group

expressed relatively more interest in topics related to pregnancy, breastfeeding,

and family care compared to men in the malaria data set. Additionally, for

both the malaria and tuberculosis data sets, users in the 25–34 age group were

relatively more interested in symptom-related topics. This is consistent with

the literature that nearly half of all new HIV infections occur among the 15–24

age group. The 25–34 age group corresponds to the time-frame where these

1As in the main text, relationships are considered significant if they pass the Benjamini-
Hochberg false discovery rate (multi-test correction) with α = 0.5.
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infections may progress significantly, and even develop to AIDS.

Women Ages 18–24 Ages 25–34 Ages 35–49
Drug 0.006 -0.068** -0.008 0.031
Natural Cure 0.027 -0.051** -0.014 0.051**
Breastfeeding 0.073** -0.089** 0.060** 0.031
Epidemiology -0.084** -0.002 -0.042* -0.005
Diagnosis -0.065** 0.032 0.071** -0.058**
Symptoms 0.055** 0.001 0.062** -0.019

Table C.3: Relative topic popularity by user demographics for malaria.

Women Ages 18–24 Ages 25–34 Ages 35–49
Epidmeology 0.006 0.037* -0.078** 0.007
Drug Resis-
tance

0.003 0.007 -0.027 0.002

Diagnosis -0.043* 0.004* -0.011* 0.001
Symptoms 0.090** 0.014 0.074** -0.042
Side-effects 0.027 0.028 -0.004 -0.016
Natural Cure 0.018 -0.020 -0.016 0.022

Table C.4: Relative topic popularity by user demographics for TB.

We looked at the topic popularity of the six topics of interest from the topic

table in the main section. Women and individuals in the 25–34 age group ex-

pressed relatively more interest in topics related to pregnancy, breastfeeding,

and family care compared to men in the malaria data set. Additionally, for both

the malaria and tuberculosis data sets, users in the 25–34 age group were rela-

tively more interested in symptom-related topics.
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C.3 Additional Details on User Behavior and Quality of Re-

sults

C.3.1 User Behavior

We examined whether user behavior varies across different topics for the

HIV/AIDS, malaria, and tuberculosis data sets. We used four popular metrics

in the information retrieval literature: dwell time, maximum dwell time, click

count, and successful click count. Dwell time and click count are discussed in

the main text. Maximum dwell time measures the maximum amount of time that

a user spends on any link that is followed. Successful click count is the total num-

ber of links the user clicks that have a dwell time of at least 30 seconds. We use

the same methodology described in the main text and the regression coefficients

to report the average values. Results are shown in Figure C.3. Note that for the

HIV/AIDS and malaria data sets, users issuing queries associated with Natural

cure exhibited relatively low activity (by all four metrics) compared to many of

the other topics of interest; this is not true for the tuberculosis data set.

C.3.2 Quality of Content

To measure the quality of the links presented by topic, we examined the set of

links returned in the first position for the thirty most representative queries for

each of the six topics from the malaria and tuberculosis data sets that appear in

the table in the main text, in the same way described in the main text for the

HIV/AIDS data set. Each link was evaluated by three research assistants, each
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Figure C.3: Rows, from top to bottom: average click count, successful click
count, dwell time, and maximum dwell time for queries associated with dif-
ferent topics. Columns, from left to right: HIV/AIDS, malaria, and tuberculosis
data sets. The vertical lines represent the mean values across topic.

of whom has graduate-level training in medicine or public health, and at least

one of whom specializes in the corresponding disease. In all three cases, the re-

search assistants were asked to assess the relevance, accuracy, and objectiveness
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of the links returned. In particular, the research assistants were presented with

the following questions.

• Relevance: How comprehensive and complete is the information provided

on the website and does it appear to provide the right level of detail? Is

the URL related to the disease?

• Accuracy: Are sources of information properly identified, and are there

any glaring omissions or misinformation?

• Objectiveness: Does the information presented appear in an objective man-

ner without political, cultural, religious, or institutional bias?

The research assistants were asked to assign a single rating for each link on a

scale from 1 to 5, with 1 equal to bad quality and 5 equal to high quality. Values

were defined as:

1. Bad quality: several serious issues concerning all three of relevance, accu-

racy, and objectiveness

2. Subpar quality: several serious issues covering at least two of relevance,

accuracy, or objectiveness

3. Mediocre quality: several issues concerning relevance, accuracy, or objec-

tiveness

4. Good quality: mostly relevant, accurate, and objective, with a few small

issues

5. High quality: very relevant, accurate, and objective

Note that the research assistants were not asked to take into account the website

design, interface, usability, or other metrics unrelated to content.
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Figure C.4: Average quality of content of webpages returned to users for the
30 queries most strongly associated with the six malaria (left) and tuberculosis
(right) topics.

Consistent with the observations for the HIV/AIDS data set, for the tuber-

culosis data set, the quality of content returned to users was, on average, rated

lower for queries related to the Natural cure topic than for other topics of interest.

In contrast, for the malaria data set, the quality of links returned was indistin-

guishable among queries related to the Natural cure, Epidemiology, Testing, and

Symptoms topics.
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APPENDIX D

FACILITATING NETWORK INTEGRATION

We present missing proofs and additional discussions in this appendix.

D.1 Triadic Closure and Stochastic Block Models

Recall that for ease of presentation in the main text we presented results for the

case where k = 2. We remove this assumption and present generalized results

below.

Lemma 45. Given a network G resulting from an SBM with k ≥ 2, the expected

number of monochromatic wedges is:

k∑
i=1

(
3
(
n/k
3

)
p2(1 − p) + (n − n/k)

(
n/k
2

)
q2(1 − p)

)
(D.1)

while that of bichromatic wedges is

k∑
i=1

2(n − n/k)
(
n/k
2

)
pq(1 − q). (D.2)

Proof. The first term in Equation D.1 results from the expected number of

monochromatic wedges from a monochromatic triplets is where
(

n/k
3

)
counts the

number of monochromatic triplets of each type, 3 is the number of ways to

choose the center of the wedge, and p2(1 − p) counts the likelihood that such a

triplet results in a wedge. The second term results from the expected number

of monochromatic wedges from a bichromatic triplet, where (n−n/k)
(

n/k
2

)
counts

the number of bichromatic triplets and q2(1 − p) corresponds to the likelihood

that such a triplet results in a monochromatic wedge.
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Likewise, for Equation D.2, we note that (n − n/k)
(

n/k
2

)
counts the number

bichromatic triplets. Such a triplet results in a bichromatic wedge with proba-

bility pq(1 − q). �

We can similarly analyze the effect of triadic closure on network integration

for k ≥ 2.

Theorem 47. Given an SBM with k ≥ 2, there is a sufficiently large n such that

triadic closure increases network integration if p > q.

Proof. The fraction of bichromatic edges, f (G), in this general case is:

f (G) =

1
2

∑
i

n
k

(
n − n

k

)
q

1
2

∑
i

n
k

(
n − n

k

)
q +

∑
i

(
n/k
2

)
p

=

n
2

(
n − n

k

)
q

n
2

(
n − n

k

)
q + k

2

(
n
k

)2
p

=

(
n2

2 −
n2

2k

)
q(

n2

2 −
n2

2k

)
q + n2

2k p
+ o(1)

=
q(k − 1)

q(k − 1) + p
+ o(1)

Using the above lemma, we can simplify the fraction of bichromatic wedges

to be

w(G) =
(k − 1)pq(1 − q)

(k − 1)pq(1 − q) +
p2(1−p)

2 + k−1
2 q2(1 − p)

+ o(1)

As above, we are interested in the inequality f (G) ≤ w(G) for large enough n.
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That is,

q(k − 1)
q(k − 1) + p

≤
(k − 1)pq(1 − q)

(k − 1)pq(1 − q) +
p2(1−p)

2 + k−1
2 q2(1 − p)

(k − 1)3q3(1 − p)
2

+
(k − 1)qp2(1 − p)

2
≤ (k − 1)qp2(1 − q)

(k − 1)2q2(1 − p) + p2(1 − p) ≤ 2p2(1 − q)

(k − 1)2q2(1 − p) ≤ p2(1 − 2q + p)

Note that when k = 2, this last inequality simplifies to that given in the main

text.

We therefore look at the expression

p2(1 − 2q + p) − (k − 1)2q2(1 − p).

For k > 2 and q ∈ [0, 1], this expression as roots at

q =
p2 −

√
−kp4 + 2p4 + kp2 − p2

(p − 1)(k − 1)
.

Note that this value also simplifies to that given in the main text for k = 2. Fol-

lowing the same argument as in the text, we therefore have that triadic closure

preserves network integration for q =
p2−
√
−kp4+2p4+kp2−p2

kp−k−p+1 and increases integra-

tion for q less than this value.

The expression

p2(1 − 2q + p) − (k − 1)2q2(1 − p)

simplifies to p2(1 − p)k(2 − k) for q = p. This value is positive if k > 2. Therefore,

the insight that triadic closure increases network integration in the setting where

nodes exhibit type-bias continues to hold for k ≥ 2.

�
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Figure D.1: Values for fR(t), fB(t), and f (t) as NS goes from 1 to 10 for ND = 10−NS

and NF = 20.

D.2 A Dynamic Network Formation Model

We present a heuristic argument to support Identity 1 in this section. First,

we compare fR(t), fB(t), and f (t). By running numerous simulations on various

combinations parameters, we find that fR(t) and fB(t) both also converge to f ∗

for large enough t. This observation agrees with the intuition that the model

proceeds by adding a node of a random type then proceeding symmetrically re-

gardless of the node type. Therefore, as the network approaches the equilibrium

state, we can also expect the fR(t) and fB(t) to approach this value by symmetry.

Figure D.1 presents a sample of our results. We run the plots on n = 500

nodes and average over 10 trials. We note that these values on the fraction

of bichromatic edges, including those disaggregated by type, converge to the

expected values relatively quickly. And, most notably, fR(t) and fB(t) show com-

parable values for a range of α values. Note that we run these plots for a com-

bination of NS + ND and NF values and the qualitative insights remain the same.

Furthermore, the red and blue curves converge to the point of indistinguishable-

ness as we increase n and the number of trials, further supporting our argument.

Lemma 55. The fraction of bichromatic edges of G(t) as t goes to infinity converges to:

f (t) =
ND + (1 − α)NF

ND + NS + 2(1 − α)NF
.
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Proof. In equilibrium, f (t + 1) = f (t). Therefore:

b(t)
m(t)

=
b(t) + ND + αNF f (t) + (1 − α)NF(1 − f (t))

m(t) + N

Nb(t) = m(t) (ND + αNF f (t) + (1 − α)NF(1 − f (t))

N f (t) = ND + αNF f (t) + (1 − α)NF − (1 − α)NF f (t)

N f (t) = ND + (2α − 1)NF f (t) + (1 − α)NF

f (t) =
ND + (1 − α)NF

N + (1 − 2α)NF

This last equality holds since N = NS + ND + NF .

�

D.3 Interventions to Alleviate Network Segregation

Lemma 50. Suppose we are given a network G(0), values NF ,N, and α, and a

time-horizon [t1, t2]. Starting from f (t1), the intervention which maximizes f (t2)

is that which sets ND = N − NF over the entire time-horizon [t1, t2].

Proof. We first construct the feasible region shown in Figure 9.2. Recall that the

green lines correspond to the intervention which sets ND = N − NF and the red

lines correspond to the intervention which set ND = 0. The thick lines for green

and red correspond to the interventions that use this intervention starting from

[t1, f1].

Take the path resulting from setting ND = N − NF for each time step t for

t ∈ [t1, t2] by ` and denote the resulting f (t2) by f`(t2). We want to prove that
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there exists no intervention `′ that sets ND′ < N − NF at any time step t such that

the resulting f`′(t2) > f`(t2). That is, the path `′ lies below `. By contradiction,

suppose that such a path `′ exists. Find value ti such that for all t1 < t < ti,

f`(ti) ≥ f`′(ti) but f`(ti+1) < f`′(ti+1). This contradicts the observation that a strategy

that locally maximizes network integration is that which sets ND = N − NF . �
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