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This dissertation is intended to offer several case studies on the impact of 

various environmental changes on economic agents using many alternative 

econometric techniques as a collective assessment tool. Chapter 1 presents 

introduction and motivation behind this dissertation with a preview summary of each 

chapter.  

Chapter 2 examines a study of a large unprecedented increase in minimum 

wage in Thailand, which serves as an example of how wages in the labor market 

respond to an extremely large increase in the minimum wage. The findings show that 

the effective rate of the increase in the minimum wage is only about 30 percent of its 

original intended amount. 

Chapter 3 provides an example of firms’ responses to a regulatory policy that 

exacts a large penalty on an extremely rare event. Specifically, chapter 3 is a study of 

airlines’ responses to the Passenger Protection Rule, which imposes a heavy fine on all 

US airlines that experience tarmac delay (delay on the runway) for more than three 

hours in US airports. The study finds that the Passenger Protection Rule reduced 

tarmac delay in exchange for longer gate delays. There is no significant evidence that 

the rule causes more flight cancellations.   



 

Chapter 4 provides some insight on how important access to credit is to a 

household’s risk management strategy. Not having access to credit limits households’ 

risk management twofold, with both the ex-post and ex-ante strategies. This is because 

diversification is costly. 

Chapter 5 concludes the dissertation with a quick summary of the main 

findings, lessons learnt and their implication in each of the case studies. The chapter 

also presents some suggestions on future work regarding the minimum wage issue, the 

Passenger Protection Rule and some extensions to the work on access to credit and 

diversification behavior. 
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CHAPTER 1 

INTRODUCTION 

 
Policy makers often face the challenging task of introducing a new set of 

policies or of making changes to policy directions. This is because they often do not 

know or have no precise estimates of how economic agents will react to environmental 

changes. In particular, if the change is drastic or unprecedented, policy makers are 

blindsided in a sense that few studies are available as guidance for assessing its impact 

and magnitude. As a result, policy makers usually take a gradualist approach by 

making many small changes over a long time horizon or by informing economic 

agents ahead of time to allow for any early adjustments and preparation. Even if few 

studies are available, often they do not offer a useful variety of econometric or 

statistical tools to check for its the robustness of these studies. Moreover, results from 

experiments may have a strong internal validity but their external validities are often 

questionable. These concerns are the motivation behind this dissertation.  

This dissertation is intended to offer several case studies on the impact of 

various environmental changes on economic agents using many alternative 

econometric techniques as a collective assessment tool. Paying particular attention to 

drastic changes, Chapter 2 is a study of a large unprecedented increase in minimum 

wage in Thailand, which serves as an example of how wages in the labor market 

respond to an extremely large increase in the minimum wage.  

As part of the Government election campaign in 2011, Thailand’s multiple 

minimum wage system was promised to be standardized into a single rate by 2013Q1. 
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This change marked the sharpest increase in Thailand’s minimum wage in all of its 

history. The government promised to increase and standardize the minimum wage to a 

single rate of 300 baht per day for all provinces from an average minimum wage rate 

of 176 baht per day. This translates into an average increase of 70.6 percent. Given 

this large scale increase, many critics at the time pointed out the danger this poses to 

the Thai economy, citing both high unemployment and inflation rates as possible 

consequences of the new minimum wage policy. Nevertheless, it turned out that both 

the unemployment rate and inflation rate remained subdued. The seasonally adjusted 

unemployment rate registered at 0.7 percent in 2013Q1, while the inflation rate 

remained low, hovering at around 3 percent. These outcomes are somewhat 

unexpected and one has to take a step back and raise the question of what really 

happened to Thailand’s labor market after the new minimum wage was enacted. In 

particular, what happened to the wage distribution and how much did a large increase 

in minimum wage affect other parts of the wage distribution?  

A preview of the findings in Chapter 2 indicates that instead of a full increase in 

minimum wage as stated by law, the actual effective rate of increase is only about 30 

percent of what it was originally intended to be. This points to a serious compliance 

issue and serves as a lesson for policy makers as to how far they can stretch and 

implement such a drastic policy. The results in Chapter 2 are derived from various 

econometric methods with different model specifications. This includes estimation 

using the ordinary least square method (OLS), non-parametric method and semi-

parametric method. Other aspects are also explored in Chapter 2 such as a comparison 
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of models using compensation instead of wages or a model specification with and 

without working hours as an additional control variable.  

While Chapter 2 is a study of drastic environmental changes, Chapter 3 provides 

an example of firms’ responses to a regulatory policy that exacts a large penalty on an 

extremely rare event. Specifically, Chapter 3 is a study of airlines’ responses to the 

Passenger Protection Rule, which imposes a heavy fine on all US airlines that 

experience tarmac delay (delay on the runway) for more than three hours in US 

airports. The US Department of Transportation (DOT) enforced such a rule in April 

2010 on the grounds that it would improve passenger welfare.    

The fact is that tarmac delay for more than three hours is extremely rare (less 

than one percent of total flights during 2007-2009) but should an airline violate the 

Passenger Protection Rule, the airline will face a penalty of $27,500 per passenger per 

incident. With such a large fine, many airlines at the time prompted the DOT to revise 

its policy. They pointed out that tarmac delay does not fall within their control and 

such a high penalty would lead to more flight cancellations, which would eventually 

defeat the purpose of improving the passenger welfare. 

Nevertheless, the thorough examination presented in Chapter 3, which uses 

several econometric estimations including a simple OLS, a diff-in-diff approach, 

quantile regression, Tobit estimation and the rare event Logit estimation, found no 

evidence of more cancellations post-Rule. Instead, the extremely large penalty on an 

event that almost never occurs caused airlines to act cautiously by spending more time 

at the gate which reduced traffic and congestion on the runway. As a consequence of 

more delays at the gate, tarmac delay decreased. The substitutability of tarmac delay to 
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gate delay is enough of a tool for airlines to adjust their operating strategies without 

having to cancel more flights. In addition, there is some evidence that airlines adjusted 

their flight schedule post-Rule. In particular, airlines seemed to slightly reduce the 

number of flight scheduled during times when congestion was more likely. Overall, 

the findings in Chapter 3 serve as an example of what a large penalty on a rare event 

can do to agents’ behavior. In this case, the airlines’ responses are very much different 

from what they original claimed.  

While Chapter 2 and 3 examine firms’ and labor markets’ responses to change, 

Chapter 4 studies households’ access to credit and its effects on diversification 

behavior. Any empirical research dealing with access to credit almost always face a 

challenging task regarding the endogeneity problem, which affects the access to credit 

variable. From the fact that households borrowing does not occur at random, one can 

often find a correlation between the shocks on a dependent variable of interest and the 

access to credit term. Moreover, it is difficult to evaluate the degree of access to credit 

when a household has never borrowed before. Ideally, one would have to ask every 

person and financial institution that the household has exposure to about how much 

they are willing to lend to the household. The total sum of these credit limits would 

represent the degree of access to credit of that one household. However, that kind of 

survey is impractical both in terms of time and cost. Thus, many researchers working 

on access to credit tend to become more reliant on experimental approaches such as 

the randomized controlled trail approach, where several households are selected at 

random with free access to credit. However, the problem with this approach is that 

these experiments are temporary. An agent’s response to a temporary access to credit 
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and a permanent access to credit is likely to differ. Thus, experimental results may 

mislead a policy maker who wishes to establish a permanent access to credit policy 

such as setting up a micro-finance institution. This is one clear example where an 

experimental approach may exhibit a strong internal validity but is weak in external 

validity.  

Nevertheless, the analysis in Chapter 4 proposes a unique way of constructing an 

access to credit index using survey data from the Townsend Thai Project. It uses 

information on a series of hypothetical questions that asks household to respond to a 

large hypothetical monetary shock, an unforeseen cost that requires financing. The 

survey repeats the question twice given that the previous answer on the source of 

finance is not available. Given this data, along with some assumptions, an access to 

credit index can be constructed even if a household has never borrowed before.  

The study in Chapter 4 is motivated by the idea that if a household’s risk management 

option is limited, the household would have to rely on other risk coping strategies. 

Financial instruments, such as having access to credit or insurance, are both examples 

of ex-post risk management strategies: households can borrow ex-post of income 

shock or recover some of their losses through insurance. On the other hand, ex-ante 

risk management is associated with preemptive actions before a shock has occurred. 

These preemptive actions include diversifying jobs and activities as well as migration, 

all of which promote reliance on several income sources. Thus, if a household has 

little access to credit, one would expect the household to rely more on the ex-ante 

approach (more diversification).  
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However, poor households in particular often do not have enough savings for 

new investments or for other activities. If diversification is costly, not having access to 

credit would constrain the agent from doing so. As such, less access to credit may not 

lead to more diversifying behavior due to financial constraints. In this case, one would 

see a pattern: less access to credit is associated with specialization. Therefore, the net 

effect of access to credit on diversification is unclear – the two opposing forces are (1) 

reliance on ex-ante approach and (2) the financial constraint argument.  

Many panel econometric estimations are employed in Chapter 4, including 

pooled OLS, fixed effects, instrumental variable (IV) with fixed effect and generalized 

method of moment (GMM) with fixed effect. All estimates find no evidence of more 

diversification in an environment with less access to credit. On the contrary, some 

estimates provide support for the financial constraint argument: increased access to 

credit leads to more activities and diversification. Thus, those who have no access to 

credit are out of luck in terms of risk management. Not only do they have few options 

for ex-post risk management, the ex-ante approach is also limited to them as it is hard 

for them to diversify. 

Lastly, Chapter 5 provides a quick summary of the main findings, lessons learnt 

and their implication in each of the case studies. The chapter also presents some 

suggestions on future work regarding the minimum wage issue, the Passenger 

Protection Rule and some extensions to the work on access to credit and 

diversification behavior. 
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CHAPTER 2 

THE EFFECTS OF MINIMUM WAGE CHANGES ON WAGE 

DISTRIBUTION: THAILAND’S EXPERIENCE 

 
1. Introduction 

Drastic increases in minimum wage are not often observed, especially in 

developing countries, since maintaining competitiveness through cheap labor is often 

in their best interests. One other possible reason for the relative rarity of a large 

increase in minimum wage is that the effect of minimum wage on employment is 

contested. Indeed, given that the original minimum wage rate was binding, a simple 

demand and supply model suggests negative employment effects. On the other hand, 

in a monopsony environment where there is only one employer, positive employment 

effects may be achieved. Empirical findings also add more to the debate. See for 

example Brown, Gilroy and Cohen (1982) for a survey of negative employment 

effects. Other studies find no evidence of negative employment effects, such as U.S. 

studies by Katz and Krueger (1992) and Card (1992), and U.K. studies by Machin and 

Manning (1994) and Dickens, Machin and Manning (1999). Given conflicting study 

results, it makes sense for policy makers to adjust minimum wages carefully and 

gradually. 

However, this has not been the case for Thailand in recent years, opening up an 

opportunity for conducting research on large scale changes in minimum wage. The 

Thai government’s 2011 election campaign promised to standardize Thailand’s 

multiple minimum wage system into a single rate by 2013Q1. This change was the 
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sharpest increase in Thailand’s minimum wage history. From an average minimum 

wage rate of 176 baht per day, the government promised to increase and standardize 

the multiple-rate system into a single rate of 300 baht per day across all provinces of 

Thailand. This translates into an average increase of 70.6 percent. This was a two-step 

process; the first phase increased the minimum wage by about 40 percent on average 

in 2012Q2. By 2013Q1, the second phase implemented the remaining increase of 

about 23 percent. Given the scale of these changes, many economists at the time 

feared that such a policy would bring about high unemployment and inflation rates. 

Nonetheless, it turned out that both unemployment and inflation rates remained 

subdued after the changes. The seasonally-adjusted unemployment rate registered at 

0.7 percent in 2013Q1, while the inflation rate remained low, hovering around 3 

percent. These outcomes were somewhat surprising. There were several government 

attempts to help firms hire and retain workers. This included a reduction in the 

corporate income tax rate, which was reduced from 30 percent to 23 percent in 2012 

and reduced again to 20 percent in 2013. This could partly account for the low impact 

of the new minimum wage on employment, but that cannot be the whole story. To 

truly determine the effects of minimum wage on labor costs, one needs to examine the 

entire wage distribution after the imposition of the new minimum wage. This 

represents the key motivation of this chapter. How does such a sharp increase in 

minimum wage affect the overall wage distribution? Since the minimum wage acts as 

a benchmark in wage negotiations, a change in the benchmark would have a ripple 

effect throughout the rest of the wage distribution, affecting especially those earning at 

slightly above the minimum wage. Moreover, how far up the wage distribution does 
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the ripple effect reach? That is, what is the level of income a worker must achieve 

such that a change in the benchmark does not have an impact on them? All of these are 

key questions that this chapter attempts to answer, according to Thailand’s recent 

experience. 

There have been numerous past studies of the effects of minimum wage changes 

on other wages in the wage distribution. The literature dates back to 1976. Gramlich 

(1976) finds that minimum wage increases raise average wages twofold compared to 

an artificial test case where the average wage is calculated using only the direct impact 

on minimum wage earners alone without any spillovers. Another pioneering study was 

conducted by Grossman (1983). The paper examines how changes in the wages of 

unskilled workers (i.e. minimum wage workers) affect the wages of skilled workers. 

Grossman develops a model that incorporates relative wages into the worker agent’s 

utility function. Thus, wage comparison plays an important role in determining the 

effort of skilled workers; skilled workers expend less effort if the relative wage of 

skilled workers compared to unskilled workers decreases. This causes firms to 

increase the wages of skilled workers for two reasons. First, firms try to prevent the 

deterioration of relative wages to maintain skilled workers’ effort. Second, changes in 

minimum wage cause firms to adjust their input factor by substituting away from 

unskilled workers. This increases the demand for skilled workers and hence their 

wages. Grossman also finds some empirical evidence of short-run wage compression. 

That is, the wages of skilled workers relative to unskilled workers increase at a lower 

rate so that the wage distribution is compressed, at least in the short run.  
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Other, more recent empirical studies also find positive spillover effects of 

changes in minimum wage onto other wages. For example, DiNardo et al. (1996) use a 

semi-parametric approach to examine how changes in the minimum wage affect the 

wage distribution and therefore wage inequality. Lee (1999) uses state-level variations 

to examine the effect of minimum wage changes on the overall wage distribution. 

Both find evidence of a ripple effect. Similarly, Neumark, Schwietzer and Wascher 

(2004) estimate the impact of minimum wage changes on workers at different points 

of the original wage distribution relative to the original minimum wage. They find a 

strong ripple effect, especially for those who originally earned an income close to the 

minimum wage. Their estimates suggest that the ripple effect can even reach workers 

earning 3 times the minimum wage. Beyond that, the effect is negligible.  

This chapter’s approach is similar to that of Neumark, Schwietzer and 

Wascher’s study, in the sense that the wage growth impact is evaluated at every wage 

segment of the distribution. The rest of the chapter is organized as follows. Part 2 

provides background information on minimum wage policy in Thailand, introducing 

the Labor Force Survey data along with the key assumptions used in the chapter. Part 

3 focuses on the construction of the panel data while Part 4 analyzes the data using 

four key approaches. Part 5 is a discussion of the results, and finally part 6 concludes 

the chapter. 

2. Minimum Wage in Thailand and the Labor Force Survey Data  

Thailand’s minimum wage was first implemented in 1973 with an initial 

coverage of four provinces; Bangkok and three other provinces in its vicinity. The 

coverage was later expanded to all provinces in the following year with three different 
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rates applicable to three different regions. There are four main features that distinguish 

Thailand’s minimum wage policy from others. First, minimum wage rates are defined 

per day instead of per hour and are only applicable to non-agricultural sectors. Second, 

minimum wage rates differ across provinces and/or regions. Third, these rates are not 

reviewed on a regular basis and not every province has to adjust its minimum wage at 

the same time. Fourth, minimum wage rates are set under a collective agreement 

mechanism, which the National Wage Committee oversees. The Committee has a 

tripartite structure, consisting of representatives from three interest groups; the Thai 

government, employers and employees. By 2001, the minimum wage-setting process 

has become more decentralized as a Provincial Subcommittee on Minimum Wage1 

was established for each province. These subcommittees’ role is to pre-set minimum 

wage rates, which must nonetheless be approved by the National Wage Committee. As 

of the beginning of 2012, there were 32 minimum wage rates among 77 provinces.  

However, as part of its 2011 Government election campaign, the newly-elected 

Thai Government promised to increase and standardize the minimum wage system 

into a single rate of 300 baht per day for all provinces. This was a two-step process, 

illustrated by Figure 1.1 and 1.2. Figure 1.1 shows the real, nominal and standard 

deviations of the average minimum wage while Figure 1.2 shows the number of 

provinces that experienced changes in their minimum wage rate (bar chart) as well as 

the average growth rates of each change (line graph). In 2012Q2, when the first phase 

was implemented, minimum wage rates increased by about 40 percent. The minimum 

wage rate of approximately 7 provinces was increased to 300 baht per day at this time. 

                                                 
1 Provincial Subcommittee on Minimum Wage also consists of three party representatives.  
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The rest of the minimum wage increase was later implemented in 2013Q1 with an 

average increase of 23 percent. Thus, by 2013Q1, Thailand implemented a single, 

universal minimum wage of 300 baht per day for the first time in its history. 

 

 

 

 

 

 

 

 

Source: Ministry of Labor website and author’s calculation 

Figure 1.1: Real, Nominal and Standard Deviation of Average Minimum Wage 
 

 
 

 

 

 

 

 

 

 

Source: Ministry of Labor website and author’s calculation 

Figure 1.2: Number of Province that Experience Minimum Wage Changes and  
    Average Growth Rate of Minimum Wage 
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With Figure 1.1, it is important to note that the standard deviation of the Thai 

minimum wage rose over time prior to 2012Q2, which implies that minimum wage 

rates diverged across provinces. This is to be expected given the establishment of the 

Provincial Subcommittees. Moreover, before 2012, past changes in the minimum 

wage rate were moderate, as shown by Figure 1.2, with a maximum pre-2012 increase 

of 6.4 percent in 2011Q1. In fact, the real minimum wage rate trended downward as 

changes in nominal terms did not keep up with inflation. To make the minimum wage 

a living wage, it was clear that minimum wages needed to increase. To this end, 

minimum wage standardization in 2012 and 2013 produced sharp increases in the real 

minimum wage. These changes will surely have ripple effects throughout the wage 

distribution since the minimum wage acts as a benchmark during the wage bargaining 

process.  

Throughout the chapter, minimum wage data are taken from the Ministry of 

Labor website, while quarterly wage data are taken from the Labor Force Survey 

(LFS). The LFS is a quarterly survey conducted by the National Statistical Office of 

Thailand (NSO). The survey is designed to index Thailand’s labor market conditions. 

The quarterly dataset contains about 220,000 observations spanning all regions. The 

survey contains essential information regarding labor conditions, including 

employment status, working hours and wages.2 For the estimation and subsequent 

analyses, the LFS data on 2012Q1, 2012Q2, 2012Q4 and 2013Q1 were used. While 

the minimum wage rate is defined in a per-day context, most of the wage data in the 

LFS are recorded monthly; about a third of the wage data is recorded daily and almost 

                                                 
2  Wage data are only available in non-agricultural sectors. This coincides with the coverage of the 
minimum wage. 
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60 percent of wage data are recorded monthly. As such, for those with a monthly wage 

rate, the daily wage rate was calculated by assuming that workers work 22 days a 

month. The wage ratio is thus defined as follows: 

 

Wage per day
Wage ratio = 

Minimum wage rate
 

 

By design, workers whose earn minimum wage should have a wage ratio equal 

to one. However, the definition of a minimum wage earner is loosened slightly by 

defining those having a wage ratio between 0.9 – 1.1 to be workers ‘earning minimum 

wage.’ Thus, those with a wage ratio above 1.1 are workers ‘above the minimum 

wage’ and those below 0.9 are workers of non-compliant employers. With these 

definitions, we define ‘fraction at the minimum wage’ and ‘fraction below the 

minimum wage’ as the ratio of all minimum wage earners to total employment and a 

ratio of all non-compliance workers to total employment, respectively. In addition, as 

LFS data contain information on other benefits both in cash and in kind (e.g. food and 

accommodation), recorded in monetary value terms, compensation is defined as the 

combination of wage and other benefits. The compensation ratio can be constructed in 

a similar fashion. Both the wage and compensation data will be used for the analysis 

presented in this chapter.      

Using the wage ratio data, Figure 1.3 shows that both the ‘fraction at’ and the 

‘fraction below’ minimum wage decline over time before the large increase in 

minimum wage in 2012Q2. This is to be expected since the real minimum wage rate 

has trended downwards while the labor market in Thailand remains tight as the 
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unemployment rate trends downward, as shown in Figure 1.4. Thus, labor is scarce 

and firms are willing to pay more than the minimum wage rate, which causes the 

‘fraction at’ and the ‘fraction below’ to decline over time. Nevertheless, both the 

‘fraction at’ and the ‘fraction below’ jumped since 2012Q2. A jump in the ‘fraction 

below’ indicates a compliance issue which will play a role in determining the ripple 

effects of the changes throughout wage distribution. That is, if the compliance rate was 

zero, one would expect to find no effects from changes in the minimum wage, while 

full compliance would maximize ripple effects. 

 

 

 

 

 

 

 

 

 Source: NSO and author’s calculation 

Figure 1.3: Fraction at and Fraction below Minimum Wage, Seasonally Adjusted 
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Source: NSO and author’s calculation 

Figure 1.4: Unemployment Rate, Seasonally Adjusted 

 

In sum, Thailand’s minimum wage structure changed from a decentralized 

system to a single, standardized rate by 2013Q1. The magnitude of minimum wage 

changes during 2012-2013 was unprecedented and these changes were implemented in 

2 phases; 40 percent in 2012Q2 and 23 percent in 2013Q1. The next section will focus 

on the use of cross-sectional data for visual examination and the construction of panel 

data, especially on how LFS data were merged given that the exact identification of 

individual workers were not feasible, as the National Statistical Office of Thailand 

(NSO) does not release ID variables due to confidentiality reasons. 

3. Visual Examination and Construction of Panel Data 

For an idea of how the minimum wage changes affects the rest of the wage 

distribution, one can look at the wage distribution using cross-sectional data before 

and after the new minimum wage rate change was implemented.  Figure 1.5 and 1.6 
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provide a visual examination of the first phase (a 40 percent increase in minimum 

wage) while Figure 1.7 and 1.8 depict graphs for the second phase (a 23 percent 

increase in minimum wage). 

 

 

 

 

 

 

 

 

 

Figure 1.5: Kernel Density of Wage Ratio for 2012Q1 and 2012Q2 

 

 

 

 

 

 

 

 

      
  Figure 1.6: Kernel Density of Wage Ratio Using 2012Q1 Minimum Wage for Both  
                     Cases 
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Figure 1.5 displays kernel density estimations of the wage ratio for 2012Q1 

(thick line) and 2012Q2 (dotted line). One can see that, prior to the newly 

implemented minimum wage rate, most Thai workers earned slightly more than the 

minimum wage, as indicated by the density of wage ratio peaking at slightly higher 

than one in 2012Q1. However, the density peaked around one after the new rate was 

implemented. This is consistent with Figure 1.3, which displays a downward trend of 

non-compliance: an abrupt upswing after the enforcement of the new minimum wage. 

Figure 1.6 compares the distribution of the wage ratios using a single minimum wage 

rate (the 2012Q1 rate) as the denominator for both quarters. It shows a clear rightward 

shift in the wage distribution. In addition, it seems to be that the ripple effect of 

changes in minimum wage for 2012Q2 dies out at around an initial wage ratio of 2.5, 

as both distributions look almost the same beyond that point.  

Similarly, Figure 1.7 and 1.8 visualize the effects of the second phase changes 

(2012Q4-2013Q1). From Figure 1.8, it seems that the ripple effect of the second phase 

was much smaller than that of the first phase. This makes perfect sense, since the 

magnitude of the change in minimum wage was smaller in the second phase compared 

to the first one. Furthermore, the visualized results presented here remain robust 

against two alterations; usage of population weighting in the kernel density estimation 

and limiting observation to only one type of worker (wage-per-day workers) as 

opposed to using wage-per-month types as well. 
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Figure 1.7: Kernal Density of Wage Ratio for 2012Q4 and 2013Q1 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
  Figure 1.8: Kernel Density of Wage Ratio Using 2012Q4 Minimum Wage for Both    
                     Cases 

 
 

Nevertheless, a comparison of kernel densities only tells us how wage density 

changes. To gain some insights on the magnitude of wage growth at each segment of 

the wage distribution, micro-level data that track individual workers over time are 
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needed. Unfortunately, the data provided by the NSO does not contain unique personal 

identifiers that allow matching personal wage data over time. As such, two short panel 

datasets (2012Q1-2012Q2 and 2012Q4-2013Q1) were constructed by matching 

observations based on observable characteristics. This was done in two different ways- 

Case 1 and Case 2 are described below.  

 

Table 1.1: Merging Data with Two Different Cases 

Case Identifiers Percent 
matched 

Percent of same wage 
both quarters 

1 Location, age, gender, number of household 
members and household status  

16.2 43.8 

2 Same as Case 1 but education, industry and 
occupation are added 

9.0 54.1 

 

Case 1 contains fewer control variables than Case 2. Case 1 only factors in 

location, age, gender and household level indicators. Case 2, on the other hand, has 

additional controls, which include education, industry and occupation. Since the LFS 

surveys household with different rotational groups, samples that are repeated within 

any two consecutive quarters are 25 percent at most. Note that there is a tradeoff 

between the number of matched observations and matching errors. While more 

specific identifiers lead to fewer matches, there is a greater chance of correct 

matching. This is reflected by the two cases as shown in the third and fourth column of 

Table 1.1, which uses matching data of 2012Q1- 2012Q2.  

Another approach to matching is probabilistic record linkage, which matches 

each observation from one data set to those from another data set according to the 

matching criteria with valuations of matching probabilities. The programmed ‘reclink’ 
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command, written by Micheal Blasnik3, was used to match two consecutive-quarter 

LFS datasets using the same matching criteria as those of Case 2 (Table 1.1). Only 

observations that have a matching probability of higher than 90 percent were retained 

for the estimation. In all matching cases, extremely positive or negative values for 

wage growth are less reliable and should be treated as matching errors or outliers. 

Given the same characteristics such as jobs and education level, an extreme wage 

growth is likely to indicate a wrong match. Thus, trimming out outliers was necessary. 

This was done by 3 different degrees, labeled as ‘Clean 1’, ‘Clean 2’ and ‘Clean 3,’ as 

described in Table 1.24.   

 

Table 1.2: Different Degrees of Data Trimming 

 Description Percent of observation 
dropped 

Case 2 (exact matching) 

Clean 1 Drop observation with wage growth lower than  
-75 % and higher than 250 % 

1.7 – 2.4 

Clean 2 Drop observation with wage growth lower than  
-50 % and higher than 175 % 

2.7 – 4.3 

Clean 3 Drop observation with wage growth lower than  
-25 % and higher than 100 % 

7.7 – 11.6 

  

Clean 1 is the least strict in terms of data trimming while Clean 3 is the strictest 

with the maximum data drop of 11.6 percent, as shown in the third column of  

Table 1.2. Furthermore, the observation dropped in Clean 1 is biased towards positive 

wage growth observations, while the drop in Clean 3 is biased towards dropping 

negative wage growth observations. The drop in Clean 2, on the other hand, is fairly 

                                                 
3 For more information about the ‘reclink’ command, see    
   http://repec.org/nasug2007/RecordLinkageinStata.ppt  
4 Table 1.2 is one example of data trimming on Case 2 with exact matching 
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Clean 2 2012Q1- 2012Q2 (phase 1) 2012Q4-2013Q1 (phase 2)

Exact matching (Case1) 8,322 2,985
Exact matching (Case2) 4,691 1,615
Probabilistic macthing (Case2) 9,460 4,335

symmetric. Thus, Clean 2, in terms of symmetry, would be an attractive choice on 

which to base our results. Table 1.3 below gives an example of the number of 

observations for Clean 2 under different matching scenarios.5 

 

Table 1.3: Number of Observations under Different Matching Scenarios 

 

 

 
 

Note that the number of matches in the second-phase dataset (2012Q4-2013Q1) 

is rather low due to fewer repeated rotational groups being surveyed. Meanwhile, the 

probabilistic matching method boosted the number of observations by more than 

twofold. This will improve the precision of the estimates. 

 In sum, visual examination using cross-sectional data suggests a rightward 

shift in the wage distribution. Panel data is required in order to answer the following 

questions: 1) what is the wage growth effect and 2) how far does it ripple throughout 

the wage distribution? Such panel data were constructed through matching observable 

characteristics using exact matching and probabilistic matching. In all cases, outliers 

were trimmed out at different degrees. The next section describes various 

methodologies and estimation techniques in order to pin down wage growth effects as 

well as its ripple impact. 

 

                                                 
5 A typical quarterly LFS data set consists of about 220,000 observations. Out of this total observation, 
about 120,000 are employed (the majority of the rest is out of labor force ie. age under 15) and about 
50,000 have wage data recorded (only non-agricultural sector have wage data). Due to rotation group, 
the maximum repeated sample is about 25 percent. This approximately translates into 12,500 maximum 
number of possible matching observation.   
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4. Methodology  

There are four estimation techniques used in this chapter. These are 1) OLS with 

dummy variables 2) OLS with a quadratic structure 3) Non-parametric estimation and 

4) Semi-parametric estimation. This section will carefully explain the model used in 

each method. The strategy is to compare results from different techniques and draw 

conclusions from each of them. Other than these four techniques, there are 4 more 

areas of interest. First, what is the different between the estimates of Case 1 and  

Case 2? (least-controlled case vs. most-controlled case). Second, how are results 

affected if compensation data were used instead of wage data? Third, do results from 

models with working hours differ from those without working hours? Since the 

minimum wage in Thailand is measured in a per-day concept, working hours may not 

be affected and hence irrelevant to the model. Lastly, do results from exact matching 

differ from probabilistic matching? These questions will be answered through various 

estimations as described below. 

4.1 OLS with dummy variables      

Consider the following regression: 

 

1 1ln ln   (ln ln )  it it j ij it it it
j

W W D H Hβ γ ε
− −

− = + − +∑  for j = 1,…….., J 

Wit denotes wages per day (or compensation per day) for individual i at time t. Dj 

is a dummy variable, which has a value of 1 when the wage ratio (or compensation 

ratio) at period t-1 (wage or compensation position of the last period before the new 

minimum wage rate) falls in the range of a specified j segment. These j segments are 

shown in Table 1.4. The error term is assumed to be orthogonal to the regressor. For  
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the model with working hours, Hit is the number of working hours for individual i at 

time t.  

 

Table 1.4: Definition of Dummy Variables 

 D1 D2 D3 D4 ….. D16 D17 D18 

Range of last 
period wage ratio 

<0.5 0.5-0.9 0.9-1.1 1.1-1.2 ….. 2.3-2.4 2.4-2.5 > 2.5 

 

D1 and D2 represent the group earning below the minimum wage. D3 represents 

those earning at the minimum wage. D4 represents those earning just above the 

minimum wage and so forth. The estimated coefficient on D3 represents the wage 

growth effect for those who previously earned minimum wage. This is the focus of our 

analysis. It would also be interesting to examine how far wage growth effects spill 

over into other j segments. The highest j in Dj, which yields a statistically significant 

estimate, i.e. at least at the 10 percent level, is the maximum extent of the ripple effect.   

4.2 OLS with a quadratic structure     

The previous model, which uses dummy variables, is considered to be fairly 

flexible by letting wage growth differ freely at each j segment. This section continues 

to use OLS method but imposes a parametric structure; a quadratic structure. Consider 

the following regression: 

 

2
1 1 1 2 1 1ln ln   +   (ln ln )  it it it it it it itW W DIS DIS H Hα β β γ ε
− − − −

− = + + − +  

 

where DISit-1 is the last period distance from the minimum wage defined as last period 

wage ratio (or compensation ratio) minus one. Thus, when distance equals to zero, the 

constant term α represents the wage growth effect for those who previously earned 
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minimum wage. This model imposes a strict structure such that the ripple effect dies 

out in a quadratic manner. The sign of β1 and β2 is expected to be negative and 

positive, respectively. Once estimated coefficients are obtained, one can work out the 

root solution of the quadratic equation to get the estimate of the maximum ripple 

effect, or where wage growth hits zero. The extent of the ripple effect can be 

determined at the distance where wage growth is higher than zero and is statistically 

significant, i.e. at least at the 10 percent level.  

Note that for the model with working hours, root solutions were evaluated at 

zero working hour growth. In addition, because this model restricts itself to a quadratic 

structure, information from observations that are far from the minimum wage, which 

have no wage growth effects, becomes irrelevant. However, these end values, if 

included, can greatly influence the shape of a quadratic curve and hence its root 

solution. Therefore, only sub-samples were used for the estimation with two criteria. 

First, the wage growth effect at the minimum wage (the constant term) should be 

similar to the one obtained in the OLS with dummy variables. Second, the root 

solution must exist. For most of the time, the sample window that satisfied both 

conditions occurred when the distance variable is less than one. The same technique 

was used for the case of compensation as the dependent variable.   

4.3 Non-parametric estimation     

While the previous two estimating models are not free from parametric 

restrictions, the non-parametric estimation absents itself from it.6 Local approaches 

                                                 
6 The OLS with dummies without working hours can be thought of as a simple version of a non-
parametric estimate, since the dummies represent point estimates around a neighborhood. However, as 
opposed to a typical non-parametric estimate, these dummy estimates assign equal weight to all 
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such as local linear regression was used as opposed to kernel regression due to its 

superiority in having lesser bias. The aim is to estimate wage growth/compensation 

growth as a function of last period wage ratio/compensation ratio without specifying 

any functional form. Consider the following expression,  ( )  i i iY m x ε= + , the estimate 

�
0( ) m x is a point estimate evaluated at 0x which can be estimated as follows: 

 

 � 2
0 0

0( )  argmin ( ( ))i i
i

ix x
h

m x Y x x K
α

α β
 
  
 

−

= − − −∑  

Where  1 ln lni it itY W W
−

= −  

1  i itx Wage ratio
−

=  

0ix x
h

K  
  
 

−  is a kernel function with a bandwidth h  

 

The resulting �α estimates ( )m x such that the shape of the wage growth function 

can be obtained by evaluating at every x. For all estimations in this section, 

bandwidths were chosen using the ‘plug-in’ method that minimizes the conditional 

weighted mean integrated squared error. For more information regarding this method 

of bandwidth selection, see Fan and Gijbels (1996). The Epanechnikov kernel function 

is used for all estimates. Similar estimations can be done for the compensation 

function. Note that the above estimation is a univariate case and hence is only 

applicable to the case without the working-hour variable. For the model with working 

hours, a semi-parametric approach was used to circumvent the curse of dimensionality 

problem.  

                                                                                                                                             
observations surrounding the neighborhood of the evaluation point. The bandwidths (j segments) are 
assigned in an ad hoc fashion.     
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4.4 Semi-parametric estimation     

Consider the following partially linear model that consists of a linear part and an 

unknown functional form part: 

 

( )Y Z m xβ ε= + +         (4.1) 

 

As usual, in this context, Y is the wage growth (or compensation growth), Z is 

the working hour growth and x is the last period wage ratio (or compensation ratio). 

Robinson (1988) suggested a neat method of estimating the functional form m(x) using 

the double residual estimator. The argument for the estimator is as following:  

 

( )Y Z m xβ ε− = + +         (4.2) 

 

By constructing a new dependent variable as Y- Zβ, one can use the non-

parametric method as described earlier to estimate m(x). The only problem is how to 

estimate β consistently. Robinson (1988) suggested the following procedure: 

 

( | ) ( | ) ( ) ( | )E Y x E Z x m x E xβ ε= = + +      (4.3) 

( | ) ( ( | ))Y E Y x X E Z xβ ε− = − +       (4.4) 

 

Take the conditional expectation on x in (4.1) which yields (4.3). By assuming 

orthogonality, ( | )E xε  = 0 and (4.4) is the outcome of subtracting (4.1) from (4.3). 

E(Y|x) and E(Z|x) can be estimated using a non-parametric method in which the local 

linear approach was applied. An estimate of β can be obtained by the usual OLS 

regression from (4.4). Finally, once �β  was obtained, the local linear regression was 
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applied using �Y Zβ− as the dependent variable as described in (4.2). Note that to 

correct for the computational errors of using estimated β rather than the true β, all 

standard errors were obtained using the bootstrapping method with 400 repetitions. 

Inference tests on the extent of the ripple effect were conducted using bootstrapped 

standard errors. 

4. Results and Discussion  

In the first part of this section, the baseline estimates of wage growth effects and 

the extent of the ripple effects will be discussed for each estimation technique and in 

both phases. The second part then compares various aspects of the results. These are 

results from the least-controlled dataset (Case 1) vs. the most-controlled dataset  

(Case 2), results from using wage data vs. compensation data, models with working 

hours against models without working hours. Finally, results from exact matching vs. 

probabilistic matching will be compared.    

4.1 Baseline Results of each Method 

All baseline estimates used the exact matching dataset with wage growth as the 

dependent variable. All estimates were conducted without the working hour growth 

regressor except for the semi-parametric estimation. Furthermore, baseline estimates 

were conducted using the Case 2 dataset (most-controlled) under the case of 

symmetric trimming (Clean 2). It turns out that different cases of trimming only affect 

estimates at the head and tail of the wage position, which is not the most important 

part of this analysis. For a full discussion of results under different trimming scenarios, 

see Appendix 1.1. 
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5.1.1 OLS with Dummy Variables 

 

Table 1.5: Estimates of OLS with Dummy Variables 

 

 

Table 1.5 above displays estimated coefficients for the OLS with dummy 

variables model. Three main conclusions are drawn from these estimates. First, the 

effective wage growth rate on minimum wage earners is about 13.3 percent rather than 

40.0 percent in the first phase. Similarly, the estimate suggests a wage growth effect of 

only about 5.8 percent rather than 23.0 percent in the second phase. This suggests that 

there are serious compliance issues. Second, the group that earns below minimum 

wage experiences the most benefits in terms of wage growth, but are still earning far 

below the mandated minimum wage rate. This is true for both phases. Third, wage 

Case 2, Clean 2 2012Q2 (40%) 2013Q1 (23%) 2012Q2 (40%)2013Q1 (23%)

D1 <0.5 0.28241*** 0.15927*** D10 1.7-1.8 -0.00097 0.00860

(0.09504) (0.05154) (0.01111) (0.01615)

D2 0.5-0.9 0.19426*** 0.17509*** D11 1.8-1.9 -0.02283 0.01150

(0.01984) (0.0211) (0.01470) (0.02286)

D3 0.9-1.1 0.13300*** 0.05875*** D12 1.9-2.0 -0.01292 -0.02292

(0.00980) (0.01152) (0.01541) (0.04727)

D4 1.1-1.2 0.06449*** 0.02117 D13 2.0-2.1 -0.02079 -0.00757

(0.01254) (0.02131) (0.01451) (0.01944)

D5 1.2-1.3 0.07576*** 0.01170 D14 2.1-2.2 0.01121 -0.04128

(0.01285) (0.01348) (0.0153) (0.02154)

D6 1.3-1.4 0.03539*** 0.02730 D15 2.2-2.3 0.00312 0.01099

(0.01083) (0.01934) (0.01684) (0.03383)

D7 1.4-1.5 0.02993*** 0.03988 D16 2.3-2.4 0.02720 0.034848

(0.01131) (0.02439) (0.02487) (0.02666)

D8 1.5-1.6 0.02034* 0.01355 D17 2.4-2.5 0.03244* 0.05207

(0.01118) (0.02107) (0.01919) (0.04601)

D9 1.6-1.7 0.01836 0.00054 D18 >2.5 -0.00796* 0.00307

(0.01144) (0.02475) (0.00415) (0.00706)
Figures in parentheses denote robust standard errors.
***,**,* denotes 1%, 5% and 10% significance level, respectively.

Wage ratio Wage ratio
Continue
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growth spillover effects die out fairly quickly. Those who previously earned more than 

1.6 times the original minimum wage see no wage growth effects for the first phase, 

while the second phase does not seem to have any spillover effects at all, since all 

estimated coefficients beyond D3 were not statistically significant.  

5.1.2 OLS with a Quadratic Structure 

 

Table 1.6: Estimates of OLS with a Quadratic Structure 

Case 2, Clean 2    2012Q2 (40%)    2013Q1 (23%) 

Upper panel Estimated coefficients 
Distance -0.22702*** -0.19402*** 
  (0.01930) (0.02202) 

Distance2 0.08618*** 0.12584*** 
  (0.02593) (0.03552) 
Constant 0.12021***  0.07381***  
  (0.00560) (0.00793) 
Lower Panel     
From dummy model 0.1330048 0.0587514 
Root solution 0.7 0.7 
Wage ratio at root solution 1.7 1.7 
Extent of spillover effect 1.6 1.4 
Figures in parentheses denote robust standard errors.   

***,**,* denotes 1%, 5% and 10% significant level, respectively.   
 

The upper panel of Table 1.6 displays the estimated coefficients of the quadratic 

equation. As expected for a U-shape wage growth curve, the coefficient on Distance 

and Distance2 should be negative and positive, respectively. Recall that the sub-

sample size was used such that 1) the wage growth effect is similar to those from the 

OLS with dummy variables model and 2) the root solution exists. The wage growth 

effects at the minimum wage group from the OLS with dummy model are displayed in 

the first row of the lower panel in Table 1.6.  The root solution of the distance variable 
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and its conversion to wage ratio is also shown at the lower panel. Lastly, inference 

tests were conducted around the root solution to determine the extent of the spillover 

effect. These estimates suggest wage growth effects of 12.0 percent and 7.4 percent 

instead of the mandated rate of 40.0 percent and 23.0 percent for the first and second 

phases, respectively. Note that compared to the OLS with dummy variables model, the 

extent of the spillover effects is the same in the first phase (1.6 times the pervious 

minimum wage). While the OLS with dummy variables model suggest no spillover for 

the second phase, the quadratic structure model suggests a spillover effect of 1.4 times 

the original minimum wage. 

5.1.3 Non-parametric estimation 

Figure 1.9 depicts estimates of local linear regression with a 90 percent 

confidence interval for phase 1 (top diagram) and phase 2 (bottom diagram). The 

estimates suggest a wage growth effect of 12.6 percent and 8.3 percent for the first and 

second phases, respectively, for those who previously earned minimum wage. Again, 

those who earned below minimum wage benefited the most. The positive wage growth 

impact ripples through subsequent wage segments, up until the wage ratio reaches 1.8 

and 1.6 for the first and second phases, respectively. Beyond that, estimates were not 

statistically significant at least at the 10 percent level. These estimates are fairly 

consistent compared with the other two previous models, except that the extent of the 

spillover seems to affect workers further down the wage distribution. 
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Figure 1.9: Non-Parametric Estimates of Wage Growth Effects 

 
 
5.1.4 Semi-Parametric Estimation 

Figure 1.10 is a graph of the wage growth function from the semi-parametric 

estimation by assuming zero working hour growth. Unlike other estimates, the semi-

parametric approach suggests lower wage growth effects of 9.1 percent and 5.9 

percent at the minimum wage group for the first and second phases, respectively. The 
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inclusion of working hours into the model is unlikely to be the cause, since including 

them in the other estimating models did little to the estimates (see the comparison in 

section 5.2). 

 

 

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 1.10: Semi-parametric estimates of wage growth effects 

 
Recall that bootstrapped standard errors of 400 repetitions were used to conduct 

inference tests. Figure 1.10 is plotted also using a 90 percent confidence interval using 
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these bootstrapped standard errors in both graphs. These semi-parametric estimates 

suggest a larger ripple effect, at 1.9 and 1.8 times the previous minimum wage for the 

first and second phases, respectively.  

5.2 Extension and Comparison of Results 

All baseline results from the previous section suggest a much weaker wage 

growth rate than the mandated rate for the minimum wage group in both phases. The 

extent of the ripple effect is smaller in the second phase. This is to be expected as the 

magnitude of wage growth was much higher in the first phase. Nevertheless, there are 

other areas of interest that can be explored and examined from the baseline case, 

which also functions as a robustness check. 

Table 1.7 summarizes and compares the results of the growth effect on the 

minimum wage group and the extent of its spillover. They include comparisons 

between Case 1 and Case 2 datasets, between using wage and compensation as the 

dependent variable, and between models with and without the working hour growth 

regressor. Three main concluding remarks arise from these comparisons.  

First, if the least-controlled dataset was used (i.e. the Case 1 dataset), estimates 

will have an upward bias. This is true across all four methodologies as well as in all 

other aspects of comparison; whether or not one uses compensation instead of wage or 

whether or not one includes working hours as an additional regressor. Looking at the 

average values from Table 1.7, the upward bias is about 3.4 percent and 1.9 percent 

for the first phase and second phase, respectively.  
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Phase 1
Clean2 Growth at MW Extent of spillover Growth at MW Extent o f spillover

Wage
Without hour

Dummy 0.17047 1.6 0.13300 1.6
Quadratic 0.15407 1.6 0.12021 1.6
Nonparametirc 0.15849 1.8 0.12680 1.8

With hour
Dummy 0.17226 1.6 0.13583 1.5
Quadratic 0.15628 1.6 0.12287 1.6
Semi-parametric 0.12468 1.9 0.09169 1.9

Compensation
Without hour

Dummy 0.19142 1.7 0.14882 1.6
Quadratic 0.17039 1.7 0.13912 1.6
Nonparametirc 0.17765 2.1 0.14648 1.8

With hour
Dummy 0.19289 1.7 0.15257 1.7
Quadratic 0.17206 1.7 0.14172 1.6
Semi-parametric 0.13774 2.0 0.10641 1.8

Average
Wage 0.15604 1.7 0.12174 1.7
Compensation 0.17369 1.8 0.13919 1.7

Phase 2
Clean2 Growth @ MW Extent of spillover Growth @ MW Extent of spillover

Wage
Without hour

Dummy 0.08421 1.2 0.05875 1.1
Quadratic 0.08889 1.4 0.07382 1.4
Nonparametirc 0.09960 1.6 0.08347 1.6

With hour
Dummy 0.08712 1.2 0.06023 1.1
Quadratic 0.09370 1.4 0.07799 1.4
Semi-parametric 0.07438 1.8 0.05925 1.8

Compensation
Without hour

Dummy 0.09647 1.3 0.07559 1.2
Quadratic 0.10640 1.6 0.08784 1.5
Nonparametirc 0.11276 1.8 0.09439 1.7

With hour
Dummy 0.10031 1.3 0.07703 1.2
Quadratic 0.10996 1.6 0.09208 1.5
Semi-parametric 0.08339 2.0 0.06662 1.9

Average
Wage 0.08798 1.4 0.06892 1.4
Compensation 0.10155 1.6 0.08226 1.5

Case 1 Case 2

Case 1 Case 2

Table 1.7: Comparisons of Growth Effects and the Extent of Spillover Effects across  
                  Models  
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Nevertheless, these wage growth rates are still far below the mandated rate. The 

extent of the spillover is, however, similar regardless of which dataset was used. 

Second, the compensation growth effect is consistently higher than the wage 

growth effect in all estimates. On average, the compensation growth effect for the 

minimum wage group is higher by 1.7 percent and 1.3 percent for the first and second 

phases, respectively. This is an interesting result since one might naturally expect 

compensation growth to be lower than wage growth.7 Higher compensation growth is 

likely the result of capturing the growth effects of a different comparison group. A 

higher compensation growth effect at the point where compensation ratio equals one 

reflects the fact that the wage growth effect for the below minimum wage group is 

higher (see Table 1.5 for example). This is because, on average, a worker with 

compensation equal to the minimum wage rate will have wages lower than a worker 

whose wages equal the minimum wage8. As such, the compensation growth effect at 

the minimum wage (when the compensation ratio equals one) picks up the wage 

growth effect of those who earned slightly below the minimum wage. Nevertheless, if 

one regresses compensation growth on wage ratio (and not the compensation ratio), 

one should find a lower compensation growth effect. Table 1.8 shows exactly that 

result, which is an example result for phase 1. Growth effects on the third column are 

lower than those in the first column. 

 

                                                 
7 Compensation growth is expected to be lower either because of the base effect in which compensation 
has a larger base or that employer might offset the increase in wages by lowering other benefits. 
8 Recall that compensation is defined as wage plus other benefits. By construction those who receive 
compensation equal to the minimum wage are those who either have a wage lower than the minimum 
wage with some positive amounts of other benefits or those who have a wage equals to the minimum 
wage with zero amount of other benefits 
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Phase 1
Clean2

Without hour
Dummy 0.13300 0.14882 0.12419
Quadratic 0.12021 0.13912 0.11757
Nonparametirc 0.12680 0.14648 0.11885

With hour
Dummy 0.13583 0.15257 0.12615
Quadratic 0.12287 0.14172 0.11941
Semi-parametric 0.09169 0.10641 0.08618

Wage growth on 
wage ratio

Compensation growth 
on compensation ratio

Compensation growth 
on wage ratio

Growth effect at the minimum wage (or compensation) group 

Table 1.8: Comparison between Wage Growth effect and Compensation Growth   
                    Effect  

 

 

 

 

 

 

 

Third, the models with and without working hour growth yield similar estimates 

except for the case that uses the semi-parametric method, which yields lower estimates 

than its non-parametric counterpart. Note that in many of the estimates, the 

coefficients on working hour growth were not statistically significant at the 10 percent 

level. This may explain why estimates are similar as it suggests a possibility of 

including an irrelevant regressor. 

Overall, the baseline estimates from Table 1.7 suggest an average wage growth 

effect of 12.2 percent (13.9 percent for compensation) and 6.9 percent (8.2 percent for 

compensation) for the minimum wage group in 2012Q2 and 2013Q1, respectively. 

The extent of the spillover is about 1.7 and 1.4-1.5 times the original minimum wage 

for 2012Q2 and 2013Q1, respectively. For a visual comparison example of results 

across different methodologies, see Appendix 1.2.  

 All discussions above derive from the results of the exact matching method. 

Table 1.9 summarizes and compares results of the exact matching method with those 

of the probabilistic matching method.  
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Phase 1
Case 2, Clean 2 Growth at MW Extent of spillover Growth at MW Extent o f spillover

Wage
Without hour

Dummy 0.13300 1.6 0.15921 1.6
Quadratic 0.12021 1.6 0.14402 1.6
Nonparametirc 0.12680 1.8 0.14958 1.9

With hour
Dummy 0.13583 1.5 0.15979 1.7
Quadratic 0.12287 1.6 0.14441 1.6
Semi-parametric 0.09169 1.9 0.11675 1.7

Compensation
Without hour

Dummy 0.14882 1.6 0.17409 1.7
Quadratic 0.13912 1.6 0.15851 1.6
Nonparametirc 0.14648 1.8 0.16294 2.0

With hour
Dummy 0.15257 1.7 0.17445 1.7
Quadratic 0.14172 1.6 0.15825 1.6
Semi-parametric 0.10641 1.8 0.12686 1.8

Average
Wage 0.12174 1.7 0.14563 1.7
Compensation 0.13919 1.7 0.15918 1.7

Phase 2
Case 2, Clean 2 Growth @ MW Extent of spillover Growth @ MW Extent of spillover

Wage
Without hour

Dummy 0.05875 1.1 0.08808 1.3
Quadratic 0.07382 1.4 0.08288 1.4
Nonparametirc 0.08347 1.6 0.09313 1.6

With hour
Dummy 0.06023 1.1 0.08831 1.3
Quadratic 0.07799 1.4 0.08389 1.4
Semi-parametric 0.05925 1.8 0.07625 1.7

Compensation
Without hour

Dummy 0.07559 1.2 0.08764 1.6
Quadratic 0.08784 1.5 0.09496 1.5
Nonparametirc 0.09439 1.7 0.09954 1.7

With hour
Dummy 0.07703 1.2 0.08825 1.5
Quadratic 0.09208 1.5 0.09650 1.5
Semi-parametric 0.06662 1.9 0.07894 1.9

Average
Wage 0.06892 1.4 0.08542 1.5
Compensation 0.08226 1.5 0.09097 1.6

Exact macthing Probabilistic matching

Exact macthing Probabilistic matching

Table 1.9: Comparisons of Growth Effect and Extent of Spillover between Exact   
   Matching and Probabilistic Matching 
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A few concluding remarks can be drawn from these comparisons. First, 

estimates of the wage growth effect from probabilistic matching are systematically 

higher by about 2.4 percent on average in 2012Q2 and about 1.7 percent higher on 

average for 2013Q1. Second, the extent of the spillover effect is the same for 2012Q2 

and slightly higher for 2013Q1. The Higher extent of the spillover from probabilistic 

matching is to be expected as a larger sample increases the precision of the estimates. 

As such, estimates of wage growth when it approaches zero growth are likely to be 

statistically significant, thereby resulting in a larger extent of spillover effect. This is 

most readily apparent in the OLS with dummy variables model. 

 

Table 1.10: Top 3 mismatches among non-exact match 
 

Top 3 mismatched identifiers 2012Q1-2012Q2 2012Q4-2013Q1 

  Percent mismatch among non-exact match 
Age 38.4 62.1 

Occupation 20.7 12.9 

Industry 12.0 Not in top 3 

Number of household member Not in top 3 7.1 
 

Examining the probabilistic matching dataset further, Table 1.10 shows the top 

three mismatched identifiers and the percentages of mismatch among non-exact 

matches. Age is the top variable that is most likely to be mismatched. In particular, the 

percentage of mismatch is highest during 2012Q4-2013Q1. This is probably because 

people rank their age by calendar year, therefore merging the data at year end to the 

beginning of a new year will likely result in more mismatches. 

Furthermore, age mismatches are geographically influenced. For example, the 

age mismatch rate for the Bangkok portion of the sample is 7 percent while the 
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mismatch rate for those outside Bangkok is as high as 21 percent in 2012Q2. 

Moreover, age was mismatched on average by 0.5 and 0.6 with a standard deviation of 

5.4 and 4.7 for the first and second phases, respectively. Thus, these extra non-exact 

match samples are associated with a higher age which may explain higher wage 

growth estimates in the probabilistic matching case. Indeed, when the age-mismatched 

sample was removed, estimates from probabilistic matching became lower and closer 

to that of exact matching as shown in Table 1.11’s last two columns. Results from 

probabilistic matching would become even more similar if mismatches in the 

occupation variable were taken out (results not shown here). 

Although estimates of wage growth effects at the minimum wage level from 

probabilistic matching is approximately 2.4 percent higher on average for phase 1 and 

approximately 1.7 percent higher for phase 2, many of them are not statistically 

different from exact matching estimates. In particular, Figure 1.11, which presents 

point estimates of the wage growth effect for the minimum wage group with a 95 

percent confidence interval, shows a large overlap between the two. The upper panel 

illustrates estimates from phase 1, while the lower panel illustrates estimates from 

phase 2. One can see that all estimates for phase 2 have their 95 percent confidence 

intervals overlap each other. Phase 1, however, only sees estimates from the OLS 

model with dummy variables overlap with each other while the other models “miss” 

the overlapped area by a moderate margin. 
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Phase 1
Case5, Clean2 Growth at MW Extent of spillover Growth at MW Extent of spillover Growth at MW Extent of spillover

Wage
Without hour

Dummy 0.13300 1.6 0.15921 1.6 0.15369 1.6
Quadratic 0.12021 1.6 0.14402 1.6 0.13596 1.6
Nonparametirc 0.12680 1.8 0.14958 1.9 0.14062 2.0

With hour
Dummy 0.13583 1.5 0.15979 1.7 0.15580 1.6
Quadratic 0.12287 1.6 0.14441 1.6 0.13764 1.6
Semi-parametric 0.09169 1.9 0.11675 1.7 0.10972 1.8

Compensation
Without hour

Dummy 0.14882 1.6 0.17409 1.7 0.17042 1.7
Quadratic 0.13912 1.6 0.15851 1.6 0.15268 1.6
Nonparametirc 0.14648 1.8 0.16294 2.0 0.15557 2.1

With hour
Dummy 0.15257 1.7 0.17445 1.7 0.17251 1.7
Quadratic 0.14172 1.6 0.15825 1.6 0.15411 1.6
Semi-parametric 0.10641 1.8 0.12686 1.8 0.12223 1.8

Average
Wage 0.12174 1.7 0.14563 1.7 0.13890 1.7
Compensation 0.13919 1.7 0.15918 1.7 0.15459 1.8

Exact macthing Probabilistic matching Probabilistic matching (Screening)

 

Table 1.11: Exact Matching vs. Probabilistic Matching with and without Screening for Phase 1 
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Note that (e) denotes estimates from exact matching while (p) are estimates from probabilistic matching. 

Figure 1.11: Comparison of Wage Growth Effect with 95 Percent Confidence Interval Across Models
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Overall, the results of the baseline case and of several other alternate cases leads 

to a consistently robust conclusion; that the impact of the new minimum wage rate 

during the two phases are much weaker than what policymakers had hoped to achieve. 

Based on the average of wages among the models of the baseline case, those who 

formerly earned minimum wage only see their wages increase by 12.2 percent instead 

of a promised increase of 40 percent. This translates into an effective compliance rate 

of about 30 percent (12.2/40 = 0.304). Similarly, for phase 2, the wage growth impact 

for the minimum wage group is about 6.9 percent instead of 23 percent, which is also 

exactly 30 percent effective (6.9/23 = 0.300). Using compensation rather than wages 

improve the effective compliance rate to about 35 percent.  While there are some 

discrepancies in wage growth estimates among models, the extent of the spillover 

effect, on the other hand, is fairly robust across models. That is, during the two phases, 

the wage growth impact dies out if a worker had originally earned more than 1.5-1.7 

times the previous minimum wage.   

6. Concluding Remarks 

This chapter examines the effect of two drastic increases in minimum wage on 

the wage distribution in Thailand, which occurred during 2012Q2 (phase 1) and 

2013Q1 (phase 2). While the mandated increase in the minimum wage was about 40 

percent and 23 percent for the first and second phases, respectively, macroeconomic 

data from these periods did not see any spikes in the unemployment or inflation rates. 

This gave rise to the question of what really happened to the wage distribution. In 

particular, did these new minimum wage rates induce wage growth effects across 

wage segments? If so, how much is the wage growth effect that occurred at each wage 
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segment and how far do these effects spill over into the segment of those who earn 

more than minimum wage?  

This chapter finds that the wage growth effect during the first and second phases 

was nowhere near its promised rate. On average, minimum wage earners only see their 

wages increase by about 12.2 percent and 6.9 percent instead of the mandated 

increases of 40 percent and 23 percent, respectively. This represents an effective 

compliance rate of about 30 percent, and the extent of the spillover is about 1.5-1.7 

times the original minimum wage. This weak wage growth impact stems from a 

serious compliance issue, while the finding is robust across various alternate cases, 

including those that make use of several methodologies, of compensation rather than 

wage and of probabilistic matching instead of exact matching. 

As seen above, compliance is a serious issue. A further examination of the LFS 

data reveals that the fraction of workers earning below minimum wage more than 

tripled, rising from 3.2 percent in 2012Q1 to 10.1 percent in 2012Q2; the rate was 

even higher in 2013Q1, registering at 11.7 percent. There were approximately 1.2 

million workers receiving below the minimum wage in 2012Q1. That figure increased 

to about 4.5 million workers by 2013Q1. Figure 1.12 shows the kernel density of wage 

ratios, but only for those who were originally earning minimum wage. The left panel 

shows the estimate for 2012Q2 while the right panel shows the estimate for 2013Q1. If 

most employers comply, the density should be heavily concentrated around one on the 

x-axis. 
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Figure 1.12: Kernel Density of Wage Ratios in 2012Q2 (Top Diagram) and 2013Q1   
   (Bottom Diagram) for Minimum Wage Earners 

 

 

The two humps on top diagram of Figure 1.12 indicate that most minimum wage 

workers did not receive wage raise, or that the increase was insufficient. Assuming 

that the compliance rate did not change during 2012Q3-2012Q4, the right panel can be 

transcribed as splitting the little hump of the left panel (those who complied) into the 

two humps shown in the right panel. The compliance rate conditioned on being 
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previously complied with is about 24 percent and 43 percent for the first and second 

phases, respectively. The higher conditional compliance rate for the second phase is 

likely to be due to the fact that the magnitude of the minimum wage increase is much 

lower.  

While looking at conditional compliance is useful, Figure 1.13 examines 

unconditional non-compliance. The graph plots the “P-alpha” class of non-compliance 

measure by using a minimum wage line instead of a poverty line as often described in 

the development literature. In addition, all calculations were normalized by the starting 

value of 2002Q1. Thus, these lines are indices for 2002Q1. The P-zero measure is 

simply the headcount ratio or the fraction below the minimum wage. The P-one 

measure represents the per-capita wage gap, which is the headcount ratio multiplied by 

the average wage shortfall among the non-compliant. The P-two measure is similar to 

P-one but differ by assigning more weight to non-compliance that lies further below 

the minimum wage line as opposed to assigning equal weight, as in the P-one 

measure. For more information about the P-alpha class of measure, see Foster, Greer, 

and Thorbecke (1984).   

Figure 1.13 suggests that after the first phase, workers who earned below the 

new minimum wage remained as non-compliant in the second phase. The fact that the 

P-zero measure only jumped in 2012Q2 and remained there with no major jump in 

2013Q1 is a key indicator of this. P-one and P-two on the other hand take wage gaps 

(minimum wage minus actual wage received) into account, and one sees two 

simultaneous spikes in the new minimum wages that are being implemented. The 

second spike in P-two is larger than the spike in P-one. This makes sense since the 
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severity of the wage gap is deteriorated and more weight is assigned to these 

observations. All measures suggest that non-compliance in 2013 is now similar to non-

compliance in 2002. 

 

 

 

 

 

 

 

 

 

 

Figure 1.13: Index of P-zero, P-one, P-two Measures on Non-Compliance 

 

Given past changes in minimum wage, which were very moderate, a net 70 

percent increase (from 2012Q1 to 2013Q1) in the minimum wage is considered to be a 

large shock to firms’ labor costs. It is therefore not too surprising to see a lot of non-

compliance. Firms and workers may voluntarily negotiate suppressing their wages in 

order to keep their businesses afloat and running. Note that compliance plays a role in 

determining the extent of the spillover. Zero compliance should produce no ripple 

effects while full compliance is likely to produce the largest ripple effect. Since there 

was a lot of non-compliance, the ripple effect results would have been stronger if all 
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firms had complied. The magnitude of the minimum wage increase also plays a role. 

In fact, this chapter found a weaker spillover in the second phase thanks to a lower 

increase in the minimum wage in the second phase.  

Based on the results and discussion presented throughout the chapter, high levels 

of non-compliance diminish the wage growth effect as well as the spillover effect of 

changes in minimum wage. This must at least partly explain why Thailand did not see 

a large increase in inflation and/or unemployment rate(s). Thus, any economic 

research and analysis which assumes that firms do fully comply with the new 

minimum wage are likely to be inaccurate or misleading. 
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APPENDIX 1.1:  

COMPARISON OF RESULTS FROM DIFFERENT DATA TRIMMING 

 

Regardless of whether one merges the data with exact matching or 

probabilistic matching, it does not make sense to see an extreme jump in wage growth 

after controlling for various variables, such as education, occupation and industry. 

This section will compare estimates from the four methodologies used in the chapter 

under different degrees of data trimming as shown in Table 1.2. Recall that Clean 1 is 

the least strict in terms of data trimming while Clean 3 is the strictest with the largest 

number of observations dropped. Clean 1 is biased towards dropping more positive 

wage growth observations, while Clean 3 is biased towards dropping more negative 

wage growth observations. The drop in Clean 2, on the other hand, is fairly symmetric. 

All of the results below compare baseline results (Clean 2) of phase 1 (2012Q2) with 

results from ‘Clean 1’ and ‘Clean 3’ data set. Comparisons using other, alternative 

specifications such as using compensation as a dependent variable, including working 

hours as a regressor or using the probabilistic matching dataset would yield similar 

conclusion. 

Figure 1.A contains four graphs showing estimates of the wage growth effect 

with the last period wage ratio shown on the x-axis. Lines with diamond markers are 

the results from Clean 1, while solid lines are results from Clean 2 and dash lines are 

results from Clean 3.  From these graphs, we can identify three main patterns. First, 

different degrees of trimming seem to have its impact fall mostly on the head and tail 

of the curve.  These graphs look almost identical in the middle or mid range, which is 
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the part of interest for this study; it is the portion of the wage growth effect for the 

minimum wage group, which span over until the effect dies out. This result is not 

surprising since extreme values were trimmed out, which would affect the data 

distribution at both tails while leaving the middle untouched. Second, there seems to 

be a consistent pattern of order; that Clean 1 starts off higher than Clean 2 while  

Clean 2 starts off higher than Clean 3. These two observations suggest that trimming 

alone mostly affects the estimates of the group earning below minimum wage. Third, 

estimates of Clean 3 sometimes do not see their wage growth impact die out (at least 

at the sample window shown here). This is true in particular for the non-parametric 

and semi-parametric approaches. This is because Clean 3 is biased towards dropping 

more negative wage growth observations to the extent that this induces a small 

positive wage growth even for workers who are far away from the previous minimum 

wage. 
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Figure 1.A: Comparison of Results across Different Data Trimming
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APPENDIX 1.2: 

VISUAL COMPARISON OF DIFFERENT ESTIMATIONS 

  

For ease of comparison, this section brings together several example graphs, 

depicting wage growth and compensation growth effects across different 

methodologies as well as other comparison aspects. All of the graphs in this section 

represent results for phase 1 on Case 2. The horizontal axis on all graphs is either last 

period wage ratio or last period compensation ratio. For comparison compatibility, 

some of these graphs will have their x-axis start with a value of one. 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 1.B: Wage without Working Hours vs. Wage with Working Hours 
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Figure 1.C: Wage vs. Compensation (without Working Hours Except Semi-Parametric Estimation) 
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Figure 1.D: Exact Matching vs. Probabilistic Matching (Wage Growth Effect, without Working Hours Except Semi- 

 Parametric Estimation)
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CHAPTER 3 

THE AIRLINE PASSENGER PROTECTION RULE: AIRLINE RESP ONSES 

FOR ON-TIME PERFORMANCE 9 

 
1. Introduction  

Since April 2010 airlines operating in major U.S. airports have been subject to 

the Department of Transportation (DOT) Airline Passenger Protection Rule, which 

imposes strict requirements for airlines’ treatment of passengers on delayed flights. 

The rule was established in response to longstanding public policy concerns about 

lengthy onboard flight delays, and the DOT’s determination that airlines’ voluntary 

measures implemented in 2007 were not working to sufficiently reduce the problem. 

The Rule requires that passengers who are held on a tarmac for over two hours must 

be provided with food, water, adequate restroom facilities, and access to medical 

personnel. It further requires that passengers who are held on a tarmac for over three 

hours must be given the option to deplane. Violations of the rule can result in a fine of 

up to $27,500 per passenger per incident (DOT, 2010). Because of the impracticality 

of permitting individual passengers to deplane from the runway, the rule can be 

regarded as levying fines on airlines for onboard flight delays greater than 3 hours.  

The airlines strongly objected to the rule when it was imposed, arguing that they 

are not in control of circumstances that lead to flight delays. Long delays are often the 

result of weather-related issues, occurring most frequently in the summer and often as 

                                                 
9 Part of this chapter will be published as a coauthoring work with Sharon Tennyson and Andrew M. 
McClintock in a forthcoming paper.  
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the result of thunderstorm activity (Medina and Sherry, 2010)10. Because of the risk of 

high fines associated with onboard flight delays, many observers expressed concern 

that the Rule would lead to an increase in flight cancellations and thus reduce overall 

consumer welfare. Indeed, all concerned parties generally agreed on this point - the 

DOT, the airlines, and various others who wrote on the subject predicted that the rule 

would decrease the number of lengthy tarmac delays but increase the number of flight 

cancellations, and predicted welfare implications rested only on the relative size of the 

two competing effects.  

Two early studies that compared monthly national aggregate flight data for the 

months after the Rule to the same months in the previous year (Marks and Jenkins, 

2010; GAO, 2011), suggested patterns consistent with predictions: the post-Rule 

period showed dramatic decreases in lengthy tarmac delays but substantial increases in 

flight cancellation compared with the pre-Rule period. However, there are many 

confounding factors in such comparisons. A recent study using monthly aggregate 

flight data by carrier and route for May 2008 through April 2012 found more nuanced 

effects of the rule – with most carriers and routes experiencing decreases in both flight 

delay minutes and cancellation rates (Fukui and Nagata, 2014).11  

These latter results presage the starting point for the current chapter. A blanket 

prediction that the Passenger Protection Rule will cause an increase in flight 

cancellations fails to consider the high cost of cancellations to airlines, and the 

                                                 
10 This study found that 64 percent of onboard flight delays at New York airports occur during June, 
July or August. 
11 Increases in gate delays and flight cancellations were found for carriers recently subjected to DOT 
investigations for Rule violations, but not for airlines overall. The authors interpret this finding as risk-
averse behavior by the investigated airlines. 
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availability of other operating responses. A departing flight faces two types of 

potential delay: a delay in leaving the gate (relative to the scheduled time) and a delay 

on the tarmac (after leaving the gate and before take-off). While total departure delay 

is the sum of these two delays, the regulation imposed by the DOT applies only to 

delays on the tarmac.12  After the Rule, airlines can add expected tarmac delays into 

decisions about flight operations, weighing the costs of gate delay or flight 

cancellation against the potential for fines due to lengthy onboard delays. The 

potential for lengthy onboard delays can also be considered in longer run calculations 

of the marginal expected profits generated by a flight on a specific route and time. 

This implies that airlines may respond to the Rule by holding flights at the gate rather 

than on the tarmac, changing support operations to improve flight management, or 

adjusting flight schedules. Indeed, imposition of the Rule provides a unique natural 

experiment in which airlines’ incentives with respect to flight operations and 

scheduling are altered.  

This study tests for evidence of these types of carrier responses to the Rule, 

using flight-level data from the DOT Bureau of Transportation Statistics (BTS) Airline 

On-Time Performance Data for the pre- and post-Rule period. To focus squarely on 

airlines’ operational responses, flight-level data are used on departing flights. The 

dataset encompasses all domestic flights operated by the 16 major airlines on routes 

between the 29 largest U.S. airports (i.e. major routes and major airlines only) for the 

                                                 
12 The rule applies to tarmac delays both in the departure phase and arrival phase of a flight. While this 
chapter limits its analysis to delays during the departure phase, airlines anticipating delays in the arrival 
phase of flight may be more likely to cancel or hold a departing flight, and thus arrival delays will be 
factored into departure-related decisions.  
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period January 2007 through June 2012.13  These represent the major airports targeted 

by the Rule, and those with the most congestion problems. Econometric models are 

estimated to assess the impact of the Rule on gate delay times, time spent on the 

runway (for simplicity we refer to these as tarmac time or tarmac delays), and the 

likelihood of flight cancellation, after controlling for flight, carrier, route, time, and 

weather conditions. Effects of the Rule on departure flight scheduling will also be 

tested by aggregating the data to the airline-route-day level. Causal inference in both 

sets of analysis is heightened by comparing effects of the Rule under conditions of 

greater congestion (when the risk of fines will be highest) to conditions of lesser 

congestion. The study also takes into account that airlines had the ability to make 

operational changes in anticipation of the Rule: the Rule became effective on April 29, 

2010, but was announced by the DOT on December 29, 2009. This interim period of 

four months provided time for airlines to have prepared for and partially adjusted to 

the new regulatory environment. 

The remainder of the chapter is organized as follows. The next section provides 

background information on the Passenger Protection Rule and on causes and patterns 

of flight delays, linking the two to develop hypotheses about effects of the Rule on 

carriers’ operating decisions. Due to the specialized nature of the data used in the 

study, Section 3 explains data sources, sample selection and variable construction. 

Section 4 of the chapter outlines the empirical strategy to test for the hypothesized 

effects of the Rule, and discusses identification and other estimation issues. Results of 

                                                 
13 Only large and medium hub airports were subjected to the Rule at its implementation date, with 
additional airports included under the Rule beginning August 2011 (Fukui and Nagata, 2014; GAO, 
2011). The analysis is limited to airports affected from the outset of the Rule. 
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estimation are presented in section 5 (flight delays and cancellations) and section 6 

(flight schedules), while Section 7 provides conclusions and implications of the 

research.  

2. Background and Hypothesis Development 

2.1 Origins of the Airline Passenger Protection Rule  

While airlines face certain costs associated with flight delays and cancellations, 

passengers face entirely different costs. This is particularly true for on-board flight 

delays (tarmac delays), in which passengers may be confined to an aircraft for 

extended periods of time. Historically, airlines have been granted the ability to require 

passengers to remain onboard an aircraft during tarmac delays. This is an issue of 

practicality for the airlines since they would hardly be able to allow passengers to 

deplane without returning to the gate. Although delays may be the efficient choice for 

an airline in certain circumstances (Mayer and Sinai, 2003), lengthy tarmac delays 

create significant waiting costs for passengers (including discomfort and anxiety) and 

deprive them of basic freedoms such as determining whether to wait or to forego the 

flight.  

While waiting on the tarmac for flight take-off is not uncommon, tarmac delays 

of the duration addressed by the Passenger Protection Rule are extremely rare. DOT 

data show that in the 15 years prior to the Rule flights held on the tarmac over three 

hours made up substantially less than 1 percent of all flights. Tarmac delays of over 6 

hours were not unheard of, however; and the percentage of flights spending more than 

15 minutes on the tarmac rose substantially over these years.14 In response to concerns 

                                                 
14 The calculations are based on BTS Airline On-Time Performance Data. 
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over service conditions during these delays and the resulting passenger discomfort and 

anxiety, as early as 1999 the House of Representatives and the Senate considered a 

proposed “passenger bill of rights.”15  

A variety of factors – including a voluntary customer service commitment from 

the airlines,16 altered priorities after the September 2001 terrorist attack, and 

continuing profitability pressures on the airlines – inhibited passage of such legislation 

for nearly a decade. During this time the frequency and duration of long onboard flight 

delays continued to rise and the DOT began to consider rule-making on the issue 

(DOT, 2007).17 By December 29th, 2009 the DOT concluded that the airline’s 

voluntary response to lengthy tarmac delays was unacceptable, and announced the 

intention of putting a regulation in place. On April 29th, 2010 “The Final Rule on 

Enhancing Airline Passenger Protection” took effect. Formalizing recommendations 

first put forward in a 2007 DOT memorandum, the rule requires that airlines post 

information about flight delays on their websites, report chronically delayed flights, 

and respond more adequately to passenger concerns. The rule more notably includes 

the provisions highlighted previously about onboard flight delays, defined to be the 

period beginning when a passenger may no longer deplane and ending when the plane 

either takes off or returns to the gate. These include requirements to provide food, 

                                                 
15 See Friedenzohn (2013) for discussion of specific cases of lengthy onboard flight delays which 
created pressure for legislative or regulatory action. 
16 The Air Transport Association and its member airlines executed the Airline Customer Service 
Commitment on June 17, 1999. The airlines agreed to develop and implement customer service plans, 
including better meeting customer needs during long on-aircraft delays and preparing contingency plans 
to address such circumstances. 
17 Specifically, the DOT’s Office of Inspector General (OIG) issued a memorandum directing the Office 
of Aviation Enforcement and Proceedings to “ensure that airlines comply with their public policies 
governing long, on-board delays, especially in the event that health and safety hazards arise from such 
delays.” 
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water, adequate restroom facilities, and access to medical personnel, and to permit 

passengers to deplane once the delay extends to three hours. Violators of the Rule may 

be punished with exceptionally large fines (DOT, 2010).18 

2.2 Causes of Flight Delays and Cancellations 

Much of the debate over the Passenger Protection Rule has centered on the 

extent to which airlines are in control over circumstances that lead to delays. Long 

tarmac delays are often associated with weather-related issues and thus occur in 

clusters at the same airport (Marks and Jenkins, 2010b). Strong seasonal patterns are 

demonstrated in Figure 2.1. The figure displays mean gate delay time and tarmac time 

by month-of-year over 2007-2009 in the top panel, and the share of flights scheduled 

by month in the bottom panel, averaged over the same period.19 The data show that 

more gate delays and tarmac delays occur during the summertime compared with 

other months, but that these months do not have the highest share of flights scheduled. 

This suggests that the excessive delays occurring during the summer are not due to 

heightened airport congestion but due to other factors such as weather (often, 

thunderstorms). 

 

 

 

 

                                                 
18 Friedenzohn (2013) and Fukui and Nagata (2014) provide evidence that the DOT is enforcing the 
Rule.  
19 The list of carriers and airports included in the figures are provided in Table 2.A and 2.B of the 
Appendix 2. 
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  Source: BTS and author’s calculation 

 

 

 
Nonetheless, travel demand and airline’s flight scheduling is also a contributing 

cause of delays. Runway use is rivalrous, and excess demand for runway space will 

lead to congestion and hence delays. The hub-and-spoke systems that bring passengers 

from outlying airports to a single hub for connecting flights lead to clustering of 

flights at certain times of day and days of the week, and this is a key cause of delays 

(Mayer and Sinai, 2003). Figure 2.2 plots the mean gate and tarmac delays by  

Figure 2.1: Mean Gate Delay and Tarmac Time by Month (Top Panel) and Share of  
  Flights by Month (Bottom Panel) during 2007-2009 for Major Carriers and 
  Routes 
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day-of-week averaged over 2007-2009 (top panel) and the mean share of flights 

scheduled by day-of-week for the same time period (bottom panel). These data show 

strong patterns in delays by day of week, with fewer delays on weekends and early in 

the week. Unlike the seasonal patterns above, delays by day-of-week are clearly 

correlated with the share of flights scheduled.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Source: BTS and author’s calculation 

Figure 2.2: Mean Gate Delays and Tarmac Times by Day of Week (Top Panel) and  
  Share of Flight by Day of Week (Bottom Panel) during 2007-2009, Major  
  Carriers and Routes 
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Similarly, flight cancellations have a strong seasonal pattern. Figure 2.3 plots the 

share of flight cancellations against the share of flight scheduled by month (top panel) 

and by day-of-week (bottom panel) over 2007-2009. It is apparent that flight 

cancellations occur more often during the winter while cancellations are highly 

correlated with the number of flight scheduled as depicted by the bottom panel. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Source: BTS and author’s calculation

Figure 2.3: Share of Flight Cancellation and Share of Flight Schedule by Month (Top  
  Panel) and by Day of the Week (Bottom  Panel) during 2007-2009, Major  
  Carriers and Routes 
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A second important point is that lengthy tarmac delays are not inevitable when 

an airport is congested, but are themselves the result of operating decisions by airlines. 

During a period of congestion an airline has three choices regarding management of a 

given departure: to leave the gate on schedule; to delay at the gate; or to cancel the 

flight. Each of these choices has different consequences for airport congestion and 

different costs for the airline. Allowing the flight to depart from the gate increases 

tarmac congestion and the risk of a lengthy tarmac delay, but may reduce overall 

schedule delay and frees up the gate. Delaying the flight at the gate reduces tarmac 

congestion and tarmac delay, but may increase overall schedule delay as well as 

congestion spillovers due to the gate being occupied.  

Flights that are delayed at the gate may also generate more costs from 

accommodating delayed passengers and from reorganizing fleet deployment (e.g. 

moving a plane from the gate at which it was supposed to depart to make way for 

another flight). Because airlines base flight and crew schedules on the computerized 

reservation systems (CRS) schedules for flight arrivals and departures, even 

moderately small deviations can result in large costs for airlines. Marks and Jenkins 

(2010b) note that contractual provisions for flight crews contribute to these costs. 

Crew contracts generally allow for some “built-in” flight delay: a crew managing a 

given flight is contractually obligated to remain with the flight during an on-board 

flight delay of certain length. This is not true for gate departure delays, however, 

wherein flight crews might “time out.” Thus, a potential added cost of gate departure 

delay is the resource costs of assigning another crew to the flight. This comparison 
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suggests that gate delays are likely to be more costly to airlines than tarmac delays, 

when only the airlines’ direct costs are taken into account.  

Although we are not aware of estimates comparing airlines’ costs for these two 

delay types, airlines’ revealed preferences for tarmac delays over gate delays suggests 

that gate delays are more costly. Figure 2.4 compares the mean tarmac delay to mean 

gate delay for each of the 29 major airports for the period of 2007-2009. The data are 

organized to show (from left to right) the airports in decreasing order of mean 

departure flights’ time on tarmac, and one can observe substantial differences in these 

means across airports. One can also see that planes spend more time on the runway 

than they spend delayed at the gate for all but one airport (MDW). In contrast, the line 

representing gate delays is noisy but relatively flat, indicating that the length of gate 

delays are not systematically related to tarmac times. It is also interesting to note that 

the most congested airports have the largest differences between taxi times and 

departure delays. In fact, the four airports with the highest tarmac times (JFK, LGA, 

EWR, and PHL) have four of the five largest differences between tarmac times and 

departure delays (the fifth airport is DCA). These airports, including DCA, are 

considered to be some of the most congested airports in the country. These patterns 

suggest that when airports are particularly congested, the result is more time on the 

tarmac rather than more time at the gate. This supports the revealed preference 

argument that airlines have lower costs for on-board flight delays than for gate 

departure delays. 
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Source: BTS and author’s calculation 

 

 

The costs of flight cancellations to airlines differ from delay costs in several key 

components. Flight cancellations create costs associated with passenger re-

accommodation to other flights (or possibly fare reimbursements). Moreover, when a 

flight is cancelled that plane never reaches the destination airport. It is almost certain 

that the aircraft in question was scheduled to depart again on another flight from the 

destination airport. Unless a carrier has a substitute plane, this initial cancellation will 

result in at least one more cancellation. There is also the chance that this network 

effect causes more than one cancellation or delay. These effects suggest that the costs 

to air carriers of flight cancellations are higher than the costs of flight delays. 

Consistent with this, Rupp and Holmes (2006) note that flight cancellations seem to 

possess the same fundamental determinants as delays, but find that airlines maintain 

Figure 2.4: Mean Tarmac Time and Gate Delay by Major Airport  
for 2007-2009 
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strategic control over cancellations.20 These authors find a significant, inverse 

relationship between average revenue for a flight and cancellation likelihood, and that 

flight cancellations are less likely on routes for which an airline faces more 

competition. They also find that carriers maintain their flight network by cancelling 

flights to and from their hubs less frequently, and that carriers avoid cancelling flights 

on infrequently served routes and the final flight of the day.  

Taken together, these observations suggest that the predicted impact of the 

Passenger Protection Rule on flight delays and cancellations must consider the 

airlines’ decision calculus for departing flights during periods of congestion. The 

strong seasonal and day-of-week patterns in delays also highlight the importance of 

controlling for exogenous (for a given flight) factors that lead to delays and 

cancellations. Previous studies of the impact of the Rule have not accounted for these 

factors. 

2.3 Predicted Effects of the Rule 

The DOT Passenger Protection Rule increases the costs of a lengthy tarmac 

delay for a flight, but does not change the flight-level costs of a gate delay or 

cancellation. As a result, an airline choosing the cost-minimizing action for each 

departing flight should be less likely to choose a tarmac delay after the Rule than 

before the Rule. Because the maximum fine of $27,500 per person per Rule-violation 

incident far exceeds any revenue-per-person from completing a flight, a greater 

preference for flight cancellation is a possible response to the Rule. However, given 

the higher costs and network effects of flight cancellations, longer gate delays should 

                                                 
20 Muherjee et al.(2005) characterize cancellations as a tool used by airlines to mitigate unacceptably 
long delays.   
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be the preferred response to the Rule. This leads to the following hypotheses regarding 

the impact of the Rule on delays and cancellations: 

H1: The Passenger Protection Rule will lead air carriers to reduce 

tarmac delays and increase gate delays. 

H2: The Passenger Protection Rule will not lead air carriers to increase 

the rate of flight cancellations. 

The Rule imposes an extremely large penalty in the upper tail of the tarmac 

delay distribution; this heavy fine structure will increase an airline’s costs of a tarmac 

delay relative to the costs of other flight management choices – but only in congested 

circumstances. Thus, the impact of the Rule on departing flights is likely to be greatest 

at the most congested airports and at peak hours of flight operations. This leads to the 

following hypothesis: 

H3: The responses of air carriers to the Passenger Protection Rule will 

be greater under conditions of greater congestion. 

It is possible, of course, that the Rule has no statistically significant impact on 

flight delays or cancellations due to airlines’ adjustments in other aspects of their 

operations. In fact, this is an additional benefit anticipated by the DOT. In its 

Regulatory Impact Analysis, the DOT noted that enforcement of the three hour delay 

component of the final rule may lead to “additional improvements to carrier operations 

that would not have otherwise occurred” (DOT, 2009, p. 28). For example, the 

airlines’ awareness of the cost to deplane flights with long on-board delays may 

provide incentives to improve flight management or ground operations. In this 
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optimistic view, Rule-induced gains in management efficiency may lead to fewer gate 

delays and cancellations, as well as reducing lengthy tarmac delays. 

One potential change in airlines’ flight management in response to the Rule is to 

adjust flight schedules. An extensive literature on airline operations and scheduling 

attests to both the complexity and the strategic importance to airlines of flight schedule 

optimization (see for example Sherali, Bae and Houari 2013). The risk of lengthy 

flight delays could be reduced by decreasing the number of scheduled flights or by 

reallocating flight departure times towards non-peak periods. Using 2005 data and 

controlling for both demand and supply factors at the airline-route-level, Pai (2010) 

finds that larger average delays on a route in the previous year lead to fewer scheduled 

flights in the following year. However, using similar methodology and route-level data 

for 2004-2008, Zou and Hansen (2014) find that competition and network effects 

dominate delay costs in determining the total number of flights on a route, and find 

that larger average delays lead to greater flight frequency. This is consistent with 

strategic competition over flight departure slots (which, if unused may be forfeited), 

consumer demand for schedule convenience (Deshpande and Arelia 2012), and the 

common-pool aspects of runways and airspace, which weaken each airline’s incentive 

to reduce flights in response to airport congestion. Nonetheless, the authors note that 

the lack of schedule response to delays could occur because the costs associated with 

delays (in their 2004-2008 sample period) were not sufficiently large (Zou and Hansen 

2014, p.70). Based on this reasoning, it is conceivable that the Rule’s imposition of 

large fines for lengthy tarmac delays could lead to flight schedule reductions by 
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increasing the costs of delays. Because of the countervailing incentives toward larger 

numbers of flights we modify this hypothesis to account for degree of congestion:  

H4: The Passenger Protection Rule will have an impact on scheduled 

flight frequency or on the scheduling of flights over peak traffic 

hours only in the most congested circumstances. 

3. Dataset Construction  

The hypotheses, H1 through H3, regarding the impact of the Passenger 

Protection Rule on a flight’s delay times and cancellation likelihood are tested using 

flight-level data. The advantage of flight-level data is that it permits us to control for 

an extensive set of factors that may contribute to these outcomes. In line with the 

previous literature we propose that a flight’s status (delay or cancellation) will depend 

on flight-specific characteristics (including plane size and scheduled departure time), 

route characteristics (including flight distance), airport characteristics (hub status), 

weather conditions, seasonal factors, and other unobserved (and random) shocks. To 

test H4, the flight-level data are aggregated to the carrier-airport level and estimate the 

impact of the Rule on the number of scheduled flights and scheduled flights at peak 

departure hours. These models control for lagged (average) values of the flight, route 

and airport characteristics included in the flight-level estimates. Data are combined 

from three sources to construct the needed dataset.21  

3.1 On-Time Performance Data 

The DOT requires all air carriers with greater than one percent of national 

market share to report various on-time statistics to the Bureau of Transportation 

                                                 
21 The Definition and summary statistics for all variables are reported in Table 2.C and 2.D of the 
Appendix 2. 
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Statistics (BTS).  Sixteen carriers met this criterion during the study period and two 

others reported these data voluntarily.  Data for two carriers are incomplete, so 16 

carriers are included in the sample. Our dataset includes every flight that both 

originates from and arrives at one of the 29 largest airports in the continental U.S.  

Data are collected for flights occurring between January 2007 and June 2012. This 

yields more than 10 million flight observations.   

In addition to the carrier, origin and destination of each flight, BTS on-time data 

report the scheduled time of departure from the gate; the actual time of departure from 

the gate; and the lift-off time of each flight. These data items are used to construct 

measures of gate delays and time on the tarmac, in minutes. Gate delay is constructed 

as the difference in minutes between the time of gate departure and the scheduled gate 

departure; tarmac time is constructed as the difference in minutes between the lift-off 

time and the gate departure time. Several binary variables are constructed to estimate 

the probabilities of delay at various delay magnitudes: this study defines 0-30 minutes 

delay as a small delay, 30-60 minutes delay as a medium delay, 60-120 minutes delay 

as a large delay and 120 minutes or more delay as an extreme delay. Lastly, a binary 

variable set equal to 1 if a flight is cancelled (and equal to 0 otherwise) is used to 

estimate cancellation likelihoods. 

Because the BTS data report on all flights and routes of each reporting carrier, 

route characteristics – including the distance (in air miles) of the flight and the number 

of times the flight is offered by a carrier on a given day – can be constructed. Peak 

schedule times for each airport can also be constructed. A date and time-of-day 

measure of congestion for each scheduled departure time is constructed by counting 
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the total number of flights scheduled to depart the airport within a window period of 

plus or minus 20 minutes of the departure time.22 For example, if a flight is scheduled 

to depart at 13.30, the total number of scheduled departures from that airport within 

13.10 – 13.50 timeframe is counted to represent the degree of peak congestion. This 

variable is then normalized by the airport’s maximum number of flights ever 

scheduled within any forty minute period during 2007-2009. This may be thought of 

as a maximum capacity utilization of the airport, and serves as the denominator in the 

normalized measure of airport congestion at a flight’s scheduled departure time.  The 

same method is used to construct a normalized measure of congestion for each 

scheduled arrival time at the destination airport, since congestion there may also 

influence departure delays and cancellations.  

Finally, the BTS data are used to construct airport competition and concentration 

characteristics relevant for each carrier and airport. These include a monopoly 

indicator set equal to one for routes which a given carrier is the only operator of a 

flight in a given month and year, and indicators of whether the origin or destination 

airports of a flight are hubs for the carrier. The hub variable has three levels and is 

based on the number of connections a given carrier has from the airport in question.  

Following Mayer & Sinai (2003) and Rupp (2009), for each carrier a small hub is 

defined as an airport for which the airline has between 26 and 45 connections; a 

medium hub is defined as an airport with between 46 and 70 connections; a large hub 

is defined as an airport for which the airline has than 70 connections. 

 

                                                 
22 Departure time is scaled to a continuous variable on the interval [0,1], using the 24-hour clock by 
minutes. 
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3.2 Other Flight Data  

Many of the logistical and demand-related determinants of flight status 

discussed in the literature on airline competition are unavailable in the BTS on-time 

performance data. Fortunately, there are several other publicly available datasets from 

which such variables can be calculated.   

The Federal Aviation Administration (FAA) maintains a flight registry which 

matches tail numbers to plane types.23 The FAA also reports information about various 

plane types, including the number of seats and type of engine.  By matching the 

information in these two datasets with the tail numbers from the on-time performance 

data, both the engine size and number of seats can be determined for each flight. 

Because these data were particularly poorly behaved,24 missing observations and 

outliers25 were replaced with the average number of seats per carrier for a given route, 

year, and month, obtained from the BTS’ T-100 database. 

The T-100 database contains information on the number of passengers flown on 

all domestic flight segments by the route level. These data, combined with the FAA 

data on planes, permits construction of an average load factor (percentage of seats 

filled) for each route, carrier, year, and month.  This is extremely important from a 

theoretical standpoint, since the fullness of the plane is an indication of the potential 

revenue that the flight represents to an airline. The higher the load factor (for a given 

plane), the more passengers must be re-accommodated by the airline in the event of a 

                                                 
23 The FAA is in charge of safety regulations for the airline industry. 
24 There were a large number of unreported tail number values in the on-time data.  There were also 
some seemingly corrupted tail numbers, which correctly matched to a value in the FAA registry but 
resulted in implausible values for the resulting number of seats and engine size. 
25 We define outliers as values 3 or more standard deviations from the mean number of seats for the 
flight. 
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cancellation. Higher load factors also constrain airlines that may wish to place delayed 

passengers on a different aircraft.   

The BTS’ Origin and Destination Survey is a 10% sample of airline tickets from 

reporting carriers that includes passenger itinerary data. These data are used to 

compute the route-level revenue (market yield) in a given month and year, which are 

used as a proxy for profit on a given route. To standardize this measure, which 

obviously varies greatly depending on the distance of the flight, market yield is 

divided by the total market miles flown on the route. Market miles are the number of 

passengers multiplied by the distance of the flight in miles. This measure is adjusted to 

2010 dollars using the Consumer Price Index. Many authors have found that some 

measure of revenue is correlated with both on-time performance and cancellations.   

3.3 Weather Data 

It is generally accepted that weather is a significant driver of flight delays. For 

this reason, it is imperative to control for weather conditions to reduce as much as 

possible bias in the estimation. Most airports are weather-reporting stations for the 

National Oceanic and Atmospheric Administration’s (NOAA). This provides a 

fortunate coincidence, since the NOAA publishes daily weather data from all of its 

recording stations in the National Climate Data Center (NCDC) Global Summary of 

the Day dataset. This source provides a rich set of weather variables for each day at 

each airport in our sample. The weather variables in our dataset are the daily average 

temperature, visibility, and wind speeds; and indicators for occurrence of snowfall or 

thunder on a day. 
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4. Empirical Methods 

4.1 Models of Delays and Cancellations 

The hypotheses, H1 through H3, are tested by estimating models for tarmac 

delay time, gate delay time, flight cancellations and the probability of delays of 

various severities using the specifications shown in Equation (1), where  

������ ����	���� is the tarmac delay or gate delay time in minutes, or a binary 

indicator for flight cancellation or a small, large or extreme delay, for a departing 

flight scheduled on route i by carrier j at time t on date d. The effects of the Passenger 

Protection Rule on flight delays and cancellations are tested by inclusion of an 

indicator variable RULE, which is set equal to one for dates later than April 29, 2010 

and equal to zero for earlier dates. The models also include a second indicator variable 

INTERIM , set equal to one for dates after the DOT announcement of the regulation on 

December 29, 2009 but before its enforcement, to test for airlines’ anticipatory 

adjustments.  

 

'
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ijtd d d ijtd

ijtd

FLIGHT STATUS RULE INTERIM CONTROLS

VARIOUS FIXED EFFECTS
 (1) 

 

Specific flight characteristics included in the estimated models are the scheduled 

departure time (using a 24-hour clock), the number of seats on the aircraft being used, 

and the airline’s total number of scheduled flights on that same route and day. Route 

characteristics consist of route distance (in air miles between departure and destination 

airport), the airline’s average load factor for the route, and the airline’s average yield 

for the route. Airport characteristics include a monopoly flight indicator and indicators 
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for hub status of both the origin and destination airports for the carrier of a given 

flight.26 The models account for airport and departure time congestion by summing the 

normalized measure of departure airport congestion and the normalized measure of 

destination airport congestion for each flight. Each of our five measures of weather 

conditions at the departing airport – temperature, visibility, wind speed, thunder, and 

snowfall – is included in the model separately, and as an interaction with each other 

weather variable (10 interaction terms).  

Since there is large variation in on-time performance across days of the week, 

months, and years, all of the empirical models include fixed effects for each of these 

factors: day of week, month of year, and year. Fixed effects are also included for each 

airline carrier; and for each airport of origin. To account for two merger incidents 

which affect carriers in our dataset, indicators set equal to one for each affected carrier 

in the post-merger period are included.27 28   

Note that – by design – gate delay can be negative since a flight can actually 

leave the gate earlier than its scheduled departure time. When gate delay is measured 

in minutes one generally treat flights leaving the gate early as experiencing gate delay 

of zero. Assigning zero values to negative gate delay can be regarded as data 

censoring; however, whether to censor is debatable since the issue of interest is gate 

                                                 
26 See Rupp, Owens, & Plumy (2001); Mayer and Sinai (2003). 
27 Delta Airlines completed its merger with Northwest Airlines by January 31, 2010 and United Airlines 
fully merged with Continental Airlines on March 3, 2012. 
28 To account for changes in airport capacity, we explored inclusion of indicator variables for airports 
and time periods affected by extended runway closures, runway expansions, or FAA restrictions on 
flights per hour (slotting restrictions). Effects of these temporary constraints are sometimes statistically 
significant, but in keeping with our very large sample of flights, including them has no economically or 
statistically significant effects on estimated impacts of the Rule or of other control variables.  
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delay which by definition is leaving after the scheduled departure time.29 When 

estimating models using binary measures of the extent of delay, estimates of the 

probability of a flight leaving the gate early are reported, coded as one for flights with 

a negative value of gate delay and zero otherwise. 

4.2 Models of Flight Schedules 

The H4 hypothesis is tested by estimating models of the total number of 

scheduled departures and the number of departures scheduled during peak hours, for a 

carrier from an airport on a day of the sample period. As in our previous 

specifications, peak hours are defined to be the time slots between 6 a.m. and 9 a.m. 

and between 3 p.m. and 6 p.m., based on aggregate DOT flight statistics. The models 

test for effects of the Passenger Protection Rule on scheduling via inclusion of the 

RULE indicator, along with the indicator for the INTERIM time period.  

Previous research (Pai 2010) has modeled flight frequency as determined by 

local demand characteristics including population size, income, age distribution and 

managerial labor force; airport characteristics including airport size, number of 

competing airports, and local weather; airport hub characteristics; and route 

characteristics including distance. Zou and Hansen (2014) also include fuel prices and 

route competition as determinants of flight frequency. Because this study is interested 

in testing for changes in the number of departing flights per airline by airport over 

time, the local demand characteristics and airport characteristics are subsumed into our 

airport fixed effects. Changes over time in fuel prices and changes in local demand 

characteristics are assumed to affect all airlines equally and are subsumed into the year 

                                                 
29 OLS estimates of gate delay without censoring negative delays are reported in Table 2.8. 
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fixed-effects. The airport’s hub characteristics are also controlled using the indicator 

for hub status of the origin airport and the average value of the hub status indicator for 

the destination airports.  

Lagged values of route characteristics averaged over all of the airline’s 

departures from an airport are used to proxy for characteristics of an airline’s routes. 

This avoids endogeneity and also captures the idea that airlines set their schedules in 

advance by forecasting future profitability based in part on past performance. It also 

accounts for the fact that the existing flight network is likely to persist over time which 

will be correlated with past flight and route characteristics. In the main specification, 

this study uses a three month average quarterly lag of the route control variables.30 For 

example, the control variables for each flight observation in April, May and June of a 

year are the average values of route characteristics from the first quarter of the year 

(January, February and March). Note that any date-specific factors such as weather 

conditions should not influence the outcome of advance-scheduling decisions and 

these are omitted from the set of control variables.  

 

'
0 1 2  

                       

α β β δ

ε

= + + + +

+

jda d d jda

jda

SCHEDULE RULE INTERIM CONTROLS

VARIOUS FIXED EFFECTS
  (2) 

 

The basic model specification is shown in Equation (2), where SCHEDULEjda is 

the number of total scheduled flights, or number of flights scheduled to leave at a peak 

hour for carrier j on date d departing from airport a. Fixed effects are included for each 

of the factors discussed in Equation (1). 

                                                 
30 In a robustness check, six-month quarterly lagged control variables are used and results are similar 
(see Appendix 2, Table 2.H). 
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4.3 Estimation and Identification 

In our model specifications the RULE and INTERIM variables capture the 

unexplained differences between the pre- and post- regulation periods, after 

controlling for various other factors. We interpret this as the average effect of the 

Passenger Protection Rule. In all estimations, standard errors are clustered by carrier 

within an airport, generating up to 345 clusters. 

Models with continuous dependent variables are estimated using OLS and those 

with binary dependent variables are estimated using both OLS and Probit. The 

analysis also explores whether observed changes in delays, cancellations and 

scheduled flights are causally related to the Rule by testing for heterogeneous 

treatment effects. These are implemented by conducting separate estimation of the 

models on sub-samples characterized by different relative levels of congestion, by 

constructing pseudo-diff-in-diff estimates on congested versus uncongested sub-

samples, and by re-estimate the models of delays using quantile regression techniques 

to examine the impact of the Rule on delays in the upper tails of the delay 

distributions. The robustness of gate delay estimates is checked using a Tobit 

estimator while the rare event logit estimator is used to check the robustness of 

cancellation estimates.  

5.  Effects of the Rule on Delays and Cancellations 

5.1 Preliminary Statistics 

Comparisons of unconditional means on gate delay times, tarmac delay times, 

total delay times, share of total delay experienced at the gate, and percent of flight 

cancellations before and after the implementation date of the Passenger Protection 
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1 2 3 4 5 6

Gate delay (mins)
Before 13.3 10.0 11.6 12.9 13.1 14.2 16.6
After 11.1 9.3 9.6 11.1 10.9 12.2 12.9

Tarmac delay (mins)
Before 18.7 16.2 16.5 16.8 18.0 21.9 20.9
After 17.5 15.9 15.6 17.0 16.4 20.4 18.8

Total delay (mins)
Before 32.0 26.1 28.1 29.7 31.1 36.1 37.5
After 28.6 25.1 25.2 28.0 27.4 32.5 31.7

Flight cancellation (%)
Before 0.73 0.63 0.39 0.85 0.55 0.92 0.92
After 1.09 0.96 0.59 1.20 0.71 1.19 1.66

All major 
airports

Least congested airports Most congested airports

Rule are summarized in Table 2.1. The table also includes a breakdown of delays and 

cancellation by the degree of airport congestion. Airports were categorized into 6 

different congested groups (group 1 being the least congested) according to their on-

time performance by using the ranking. The sample period spans January 1, 2007 to 

June 30, 2012, and the Rule implementation date is April 29, 2010.  

 
Table 2.1: Pre- and Post-Rule Means of Delays and Percentage of Cancelled Flights  
 

 

 

 

 

 

 

 

 

After the implementation of Passenger Protection Rule, the raw data indicate 

that the unconditional mean of both gate and on-board (tarmac) delays are lower, and 

hence the unconditional mean of total delay minutes is lower, while the percentage of 

flight cancellations increases. For all major airports combined, gate delays are lower 

by an average of 2.2 minutes and tarmac delays are lower by an average of 1.2 

minutes – leading to an overall reduction in delay times averaging 3.4 minutes. 

Interestingly, average gate delay times decrease more than tarmac delay times. The 
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mean percentage of cancelled flight increases substantially from 0.73 percent to 1.09 

percent – an increase of nearly 50 percent. 

The data by airport congestion groupings on the right hand side of the table 

shows that more congested airports exhibit greater average delays and a higher 

percentage of cancelled flights, as expected.  Nonetheless, the basic effects of the rule 

do not vary by degree of airport congestion. In all congestion groupings both gate 

delays and tarmac times decline after the Rule; gate delay times decline by more than 

tarmac times; and the rate of flight cancellations increases. Delay times show a greater 

decline in the more congested airports after the Rule, but flight cancellations also 

show the greatest increases. For example, the mean total delay time decreases 5.8 

minutes in the most congested airport group and flight cancellations in this group 

increase from 0.92 percent to 1.66 percent of flights, representing an 80 percent 

increase. These patterns in the raw data are consistent with ex-ante expectations and 

with results from early studies using aggregated data (Marks and Jenkins, 2010a; 

Marks and Jenkins, 2010b). 

5.2 OLS and Probit Estimates 

5.2.1 Main Results 

Results of estimating the models shown in Equation (1) are presented in Table 

2.2. Due to the large number of covariates in the model specifications, the table 

displays only the coefficient estimate for the Rule variable. For continuous dependent 

variables the table presents conditional mean estimates from linear probability (OLS) 

models, while for binary dependent variables both conditional mean estimates and 

probability estimates from Probit models are presented.  
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Probit
OLS (Average marginal effect)

Gate
Rule 3.15948*** -

(0.9391)
0-30 mins       (small delay) 0.04524*** 0.04548***

(0.00723) (0.00728)
30-60 mins     (medium delay) 0.02789*** 0.02837***

(0.00449) (0.00465)
60-120 mins   (large delay) 0.01856*** 0.01939***

(0.00417) (0.00465)
> 120 mins    (extreme delay) -0.01158** -0.00645**

(0.00539) (0.00317)
Leaving gate early -0.07983*** -0.07994***

(0.01126) (0.01107)
Tamac

Rule -1.5722*** -
(0.44794)

0-30 mins       (small delay) 0.05219*** 0.03709***
(0.00995) (0.00477)

30-60 mins     (medium delay) -0.03542*** -0.02597***
(0.00645) (0.00340)

60-120 mins   (large delay) -0.00316 -0.00200
(0.00256) (0.00146)

> 120 mins    (extreme delay) -0.01342*** -0.0059***
(0.00362) (0.00117)

Cancellation
Rule -0.01440*** -0.00650***

(0.00311) (0.00093)
Figues in parentheses represent clustered standard errors for OLS and delta method is 
used for Probit. All estimates used flight status specification as written in section 4.
*,**,*** denote significance level at 10 %, 5%, and 1%, respectively.

Table 2.2. Estimates of the Effect of the Rule on Delays and Cancellations 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

The marginal effects from the OLS models are similar to the Probit average 

marginal effects, with only a few exceptions at the extremes of long delays and 

canceled flights. One possible reason is that extreme delays and cancellations may be 
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associated with extreme value of other regressors (for example, exceptionally severe 

weather conditions). Evaluation of marginal effects on extreme values of regressors is 

likely to be conducted at the tail of the cumulative distribution function which exhibits 

a much flatter slope and hence a smaller marginal effect.  

Results for the Rule variable show that in contrast to the comparison of 

unconditional means, estimates incorporating control variables suggest that the Rule 

significantly increased gate delay times, decreased tarmac times, and decreased 

probability of flight cancellation. All estimated coefficients are statistically significant 

except for changes in tarmac delays of 60 to 120 minutes. The conditional mean 

increase in gate delay time (3.16 minutes) is greater than the corresponding 

conditional mean decrease in tarmac time (1.59 minutes), which translates into higher 

total delay times in the post-Rule period. Overall, these estimation results are 

consistent with our hypotheses regarding cost-minimizing carrier responses to the 

Rule, and support the notion of substitutability between tarmac delays and gate delays. 

Examination of delay intervals shows that delay patterns appear to have shifted 

toward smaller delays. Using the Probit estimates, the probability of spending less 

than 30 minutes on the tarmac increases by 3.7 percent after the Rule, and the 

probabilities of longer tarmac delays decrease. After the Rule the probability of a gate 

delay up to two hours increases overall, with the highest increase seen in the 

probability of delays less than 30 minutes (4.5 percent). The relative magnitudes of 

estimated effects of the Rule on delays are also interesting. Although the coefficient 

on tarmac delays exceeding 2 hours is small in magnitude (0.59 percent), relative to 

the pre-Rule frequency of less than 2 percent the estimated impact of the Rule is large, 
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suggesting a 30 percent decline in the rate of lengthy tarmac delays. Also interesting is 

the large (relative to other effects) post-Rule decline in early departures from the gate 

(8.0 percent). In an unconstrained operating environment, carriers may have incentives 

to leave the gate early when possible, to free up the gate by lining up for take-off. One 

effect of large penalties for lengthy tarmac delays may be to weaken incentives to 

queue up early.  

5.2.2 Interim Adjustments 

Table 2.3 compares the estimated impact of the Passenger Protection Rule with 

and without controlling for the interim period between announcement and 

implementation of the rule. Results are shown for the full sample period and for sub-

sample periods of up to 12 months before the interim period and 12 months after the 

effective date of the Rule. The table reports OLS estimates, and includes only the 

estimated impact of the Rule on delay minutes and cancellation likelihood. 

As can be seen, the results for models with and without the interim period 

control look very different. The estimates that do not include INTERIM effects show a 

much lower impact of RULE on delays and cancellations, as expected if partial 

adjustments occurred during the interim between the announcement and enforcement 

dates for the Rule. Moreover, in estimates that include the interim dummy, the 

estimated coefficient on that variable is always statistically significant and of the same 

sign as the coefficient on the Rule variable. This is consistent with the hypothesis that 

airlines will adapt operations in response to the Rule, and with the interpretation that 

airlines began making adjustments in anticipation of the enforcement date 
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          OLS          
   (Without interim period) 3 months 6 months 9 months 12 months
Gate 0.92730*** -1.06410** -1.0939*** 4.0240*** 0.68300***

(0.20196) (0.41854) (0.39733) (0.41455) (0.24327)
Tarmac -0.22523*** -0.17456 -0.18328 0.85933*** 0.20716**

(0.07968) (0.2140) (0.21844) (0.14435) (0.10116)
Cancellation -0.00168*** -0.00011 0.00017 0.00448*** -0.00111

(0.00062) (0.00114) (0.00105) (0.00094) (0.00080)
OLS

(With interm period)
Gate

Interim 2.2282** 2.4300*** 2.1054** 1.8390** 1.6942***
(0.91494) (0.92662) (0.92751) (0.84613) (0.81955)

Rule 3.15948*** 1.3740 1.0170 5.8766*** 2.3894***
(0.9391) (1.0645) (1.0603) (0.90259) (0.83894)

Tarmac
Interim -1.3447*** -1.3284** -1.4394*** -1.5746*** -1.56587***

(0.43125) (0.53256) (0.53079) (0.4849) (0.46058)

Rule -1.5722*** -1.5075** -1.6265** -0.72683 -1.3699***

(0.44794) (0.62725) (0.63338) (0.50420) (0.46141)
Cancellation

Interim -0.01270*** -0.01513*** -0.0153*** -0.01928*** -0.01865***
(0.00287) (0.00382) (0.0037) (0.00474) (0.00382)

Rule -0.01440*** -0.01529*** -0.01520*** -0.01494*** -0.01990***
(0.00311) (0.00443) (0.00427) (0.00449) (0.00383)

Number of observation 10,562,618 1,655,655 2,676,069 3,666,323 4,636,854
Figures in parentheses represent clustrered standard errors grouped by airline carrier at a given airport. . 
This gives 308 - 345 numbers of cluster depending on sub-sample used
*, ** and *** denotes significance level at 10%, 5% and 1%, respectively

Full
OLS sub period (number of month before interim and after rule period)

Table 2.3: Comparison of Estimates with and without Interim Dummy 
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Estimation results for the subsample periods also provide reassurance that the 

effects identify here are temporally associated with the announcement and 

implementation of the Rule. These results show in addition that the coefficient 

estimates for RULE are more stable and are consistent in sign across the different post-

period lengths when INTERIM is included in the specification. This further supports 

the idea that the interim variable is appropriately included in the model. 

5.2.3 Effects of Control Variables 

It is worth a brief examination of the complete estimation results showing the 

relationship between flight status outcomes and carrier and route variables. 31 The OLS 

versions of the estimates are shown in Appendix 2, Table 2.E, and confirm that many 

flight and route characteristics have statistically significant associations with delays 

and cancellations. For example, flights operating during peak travel hours are 

associated with higher delays, both at the gate and on the tarmac, but have lower 

cancellation probability. Flights are more likely to have longer gate and tarmac delays 

at later times during the day, and are more likely to be cancelled at those times. Routes 

that have higher schedule frequency have a higher probability of flight cancellation, 

and flights on monopolized routes have a lower probability of cancellation, consistent 

with the idea that cancellations vary with the costs to re-accommodate displaced 

passengers. Flights with a higher average load factor are less likely to be cancelled, 

                                                 
31 To conserve space the weather variables and their interactions (15 variables in total) are not shown in 
table C4 but generally have plausible effects. Snow, thunder and wind speed conditions matter a lot on 
flight status. For example, on a snowy day, a flight is likely to be delayed an average by 17.3 minutes at 
the gate and spend 19.0 additional minutes on the tarmac. Thunder, snow and wind all increase the 
probability of cancellation. Estimated coefficients on the interaction variables also make sense. For 
example, the effects of snow vary with other weather conditions: snow with higher temperatures or 
snow with better visibility results in lower delays than when temperatures are lower or visibility is 
worse. Conversely, thunder storms associated with higher temperatures lead to longer delays and more 
flight cancellations. 
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although there is no evidence of a lower cancellation probability for high-yield flights. 

Flights departing from an airline’s medium hub experience longer gate and tarmac 

delays, and flights destined for an airline’s small or medium hub experience longer 

gate delays. These estimated relationships are generally consistent with results from 

previous studies of flight delays and cancellations (Mayer and Sinai 2003; Rupp and 

Holmes 2006). 

5.3 Heterogeneous Treatment Effects 

5.3.1 Subsample Estimates 

Since the risk of lengthy on-board flight delays occurs mainly toward flights 

operating at peak-capacity times or in highly congested airports, any causal effect of 

the Passenger Protection Rule on delays and cancellations is expected to be largest 

under such congested conditions. To explore this relationship, the same models above 

are estimated using sub-samples of data categorized by degrees of congestion, 

characterized alternatively by congestion around scheduled departure time and by 

average congestion at the origin airport. The degree of congestion at departure time is 

based on the normalized congestion variable described previously, broken into ten 

quantiles (with group 1 being the least peak travel times). Airports are grouped into six 

groups by relative congestion as shown in Table 2.1, using data from the BTS (with 

group 1 being the least congested airport). For ease of interpretation, results are 

presented in figures that display the estimated impact of the Rule for each sub-sample 

category, derived from models that include the INTERIM dummy, all control variables 

and fixed effects. Both Figure 2.5 and 2.6 plot coefficient on the Rule variable with 90 

percent confidence interval.  
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2.5a. Gate Delay 

 

 

 

 

 

 

2.5b. Tarmac delay 

 

 

 

 

 

 

2.5c. Cancellation 

 

 

 

 

 

 

 

 

Figure 2.5: Impact of Passenger Protection Rule on Gate Delay (2.5a), Tarmac Delay 
(2.5b) and Probability of Cancellation (2.5c) at Differing Levels of Flight-
Time Congestion  
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Figure 2.5 shows the impact of Passenger Protection Rule across different level 

of flight-time congestion. It suggests that the Rule increases gate delay with greater 

impact at the peak hour. Effects of the Rule on tarmac delay on the other hand, display 

a fairly uniform pattern of less tarmac delays throughout flight-time congestion group 

except for the top quantile group which is puzzlingly noisy. Results on cancellation 

are not counter-intuitive; largest reduction in probability of cancellation occurs during 

the least congested hour. 

As for effects of the Rule across airports with differing levels of congestion, 

Figure 2.6 indicates that the post-Rule increase in gate delay times is statistically 

significant for the less-congested groups of airports but not for the more-congested 

airports. However, the effect of lower tarmac delay is most apparent in the most 

congested group of airports. For the less congested airports, there is no clear evidence 

that tarmac delay times declined after the Rule.  The rate of flight cancellations is 

lower in all airports after the Rule, and the decrease in probability is statistically 

significant for all congestion subsamples. 

While looking at estimates on conditional mean delay are useful, Figure 2.7 and 

2.8 dig deeper into the probability of delay at various magnitude at differing degrees 

of flight-time congestion and average airport congestion. Figure 2.7 graphs impacts of 

the Rule on the probability of gate delay on a small delay (0-30 minutes), a medium 

delay (30-60 minutes), a large delay (60-120 minutes) and an extreme delays (more 

than 120 minutes). 
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2.6a. Gate Delay 

 

 

 

 

 

 

2.6b. Tarmac delay 
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Figure 2.6: Impact of Passenger Protection Rule on Gate Delay (2.6a), Tarmac Delay 
(2.6b) and Probability of Cancellation (2.6c) at Differing Levels of Average 
Airport Congestion 
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2.7a. Airport congestion group 

 

 

 

 

 

 

 

2.7b. Flight-time congestion group 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 2.7: Impact of Passenger Protection Rule on Probability of  Gate Delay by 
Differing Levels of Average Airport Congestion (2.7a) and by Differing 
Levels of Flight-Time Congestion (2.7b) 
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2.8a. Airport congestion group 

 

 

 

 

 

 

 

2.8b. Flight-time congestion group 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 2.8: Impact of Passenger Protection Rule on Probability of  Tarmac Delay by 
Differing Levels of Average Airport Congestion (2.8a) and by Differing 
Levels of Flight-Time Congestion (2.8b) 
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Graphs in Figure 2.7 complement the findings that the regulatory rule increases 

gate delay with a shifting pattern towards higher probability in smaller delays. The 

probability of having a small gate delays increases the most compare to other delay 

length. This is more apparent with the airport congestion group (Figure 2.7a) where 

the 0-30 line always lies above other lines. For flight-time congestion group, the 

pattern is unclear; the 0-30 line seems to lie above other lines at the lower end of the 

group as well as the higher end of the group. Nevertheless, if one combine the effect 

of small delay and medium delay together (0-30 and 30-60 minutes of gate delays), the 

pattern will be clear that the probability of gate delay shifts towards delays within the 

first hour for the flight-time congestion group. Note that these graphs are estimates 

approximated by the linear probability model and not all of these estimates are 

statistically significant. See Table 2.F and Table 2.G in the Appendix 2 for details of 

these estimates. 

Unlike gate delay, the impact on probability of tarmac delay seems to be more 

prominent at the lower end of delay. The pattern in Figure 2.8 suggests a mirror image 

between a small delay (0-30 minutes) and a medium delay (30-60 minutes). This 

implies a switching pattern from a medium delay to a small delay. This switching 

pattern is noticeable both by differing degree of airport congestion and by flight-time 

congestion. Again, not all of these estimates are statistically significant. In particular, 

the 60-120 line which mostly hovers around zero is often not significant (see Table 2.F 

and Table 2.G in the Appendix 2). This is likely due to uncontrollable nature of the 

tarmac delay and hence no significant impact on large tarmac delays while the 

regulatory rule makes sure that extreme tarmac delays are less likely to occur. 
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Overall, Figure 2.7 and 2.8 indicate that the probability pattern of gate delay 

shifts towards a smaller delay while the probability pattern of tarmac delay displays a 

switching pattern from a medium delay to a small delay. Together with the estimates 

which suggest a lower probability of leaving the gate early (see Table 2.2), they all 

point towards the following descriptive behavior of airline response to the Passenger 

Protection Rule. That is, airlines try to avoid the penalty on lengthy tarmac delay by 

staying longer at the gate and hence, the probability of leaving the gate early reduces 

while the probability of small delay at the gate increases the most. As a result, heavy 

traffics on runway is alleviated by a longer stay at the gate, thereby inducing a smaller 

taxi time as observed in the switching pattern from a medium tarmac delay to a small 

tarmac delay. 

5.3.2 Pseudo-Diff-in-Diff Estimates 

Although the Passenger Protection Rule applies to all major airports, one might 

be inclined to think that if an airport is always free of congestion, the Rule on tarmac 

delays may never bind. Similarly, during a non-peak flight hour where there are many 

unoccupied runways the Rule should not affect carrier decisions on flights. These 

observations are not strong enough to suggest that uncongested airports and non-peak 

hour flights can serve as a control group; however, a diff-in-diff approach using these 

observations to proxy for untreated groups may be superior to OLS in that common 

unobserved factors which move together between the two sets of observations will be 

accounted for. Thus, diff-in-diff estimation is used as a complement to the OLS 

estimation to explore the robustness of heterogeneous treatment effects. This is 

implemented in the model by assigning relevant observation for either a low-
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Congested Airport Congested Flight
Gate

Treat*Rule -2.6184*** 0.4319
(0.60248) (0.3155)

Treated  4.0286*** -0.0516
(1.3412) (0.6506)

Rule  2.3634  3.1291***
(1.7736) (1.1784)

Tarmac
Treat*Rule -1.9047***      -0.6963***

(0.45863) (0.1904)
Treated  0.4394  0.4839

(0.67307) (0.3893)
Rule -0.8602 -0.5948

(0.61845) (0.6475)
Cancellation

Treat*Rule  0.00312 -0.0016**
(0.00189) (0.0007)

Treated -0.0046  0.00063
(0.00305) (0.0011)

Rule -0.01917*** -0.0190***
(0.00617) (0.0039)

Figures in parentheses represent clustered standard errors 
*,**,*** denote significance level at 10 %, 5%, and 1%, respectively

congestion indicator or a high-congestion indicator, along with an interaction of the 

high-congestion indicator and RULE. Estimated models also include the INTERIM 

dummy and interaction of high-congestion with this dummy.  

 

Table 2.4: Pseudo-Diff-in-Diff Estimates of Delays and Cancellations 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

There are two alternative specifications of the diff-in-diff estimate varying by 

the definition of the pseudo-control group. The first defines the control group as the 

top 5 airports with the best on-time performance (group 1 in the ranking of congested 

airport). Similarly, the comparison treatment group is defined as the top 5 airports with 
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the worst on-time performance (group 6 in the ranking of congested airport). All 

remaining observations are dropped. The second specification defines the control and 

treated groups by flights rather than by airports, using the flights in the lowest quantile 

(among the 10 quantiles constructed previously) of mean normalized flight congestion 

around scheduled departure time as the control group and those in the highest quantile 

as the treatment group. The remaining flights in the sample are dropped from the 

analysis. Results are reported in Table 2.4. 

Since a natural question to ask is how robust are the heterogeneous results 

obtained using subsample, the pseudo diff-in-diff estimates serve this purpose and 

indeed many of the diff-in-diff estimates shown in Table 2.4 are consistent with the 

estimates from the OLS subsample. For example, Figure 2.6a suggests that the post-

Rule gate delay time is higher for the less congested airport (the most congested 

airport yield insignificant result). This is consistent with the significant estimate of -

2.6184 from the diff-in-diff method in which the least congested airports were used as 

the comparison (controlled) group. The result indicates that the impact on post-Rule 

gate delay time of the treated (top 5 most congested airports) is lower by about 2.62 

minutes relative to the comparison controlled group. Or equivalently, as indicated by 

Figure 2.6a, the impact on gate delay for the least congested airport is higher than the 

most congested airport group. Furthermore, Figure 2.6b suggests that impact on 

tarmac delay is mostly felt on the most congested airport. The diff-in-diff estimate 

supports that conclusion; congested airports see tarmac delay time declines by about 

1.90 minutes on average compared to the least congested comparison groups. In 

addition, Figure 2.6c suggests that the effect on cancellation rate may not be 
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statistically different across congested airport. This is also backed up the diff-in-diff 

insignificant estimates on cancellation (congested airport column). 

Some of the diff-in-diff estimates using flight congestion are, however, not 

consistent with the OLS. While the insignificant estimate from the diff-in-diff 

estimation on gate delay is comprehensible as Figure 2.5a indicates a large 

overlapping area within 90 percent confidence interval among flight congestion group, 

the diff-in-diff estimate on flight cancellation contradicts the OLS counterpart. The 

diff-in-diff estimate suggests that post-Rule flight cancellation is lower in probability 

by about 0.16 percent for the most flight congested group relative to the least flight 

congested group. Figure 2.5c, however, graphs a reverse pattern from the OLS 

estimates. Note that, OLS estimates for tarmac delay for the most flight-time 

congested group was noisy (Figure 2.5b), deemed unreliable and hence not sensible 

for comparison. Nevertheless, the diff-in-diff estimate suggest that post-Rule tarmac 

delay time for the most flight-time congested group is lower than the least flight-time 

congested group. Overall, with one or two exception, the diff-in-diff estimates are 

consistent with the OLS subsample estimates. 

5.3.3 Quantile Regression Estimates of Delays  

Another way to consider asymmetric responses to the Passenger Protection Rule 

is to recognize that estimates of the effect of the Rule on the mean value of delays may 

not be the best representation of its true effect. The Rule will not bind in situations of 

small expected delays, and as such one should see larger and more statistically 

significant effects in the upper tail of the delay distribution. The quantile distributions 

of gate delay times and tarmac times in minutes, before and after the Rule, are 
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Centile Before After Before After

1% -11 -11 6 6
5% -8 -8 8 8
10% -6 -7 10 10
25% -4 -4 12 12
50% -1 -1 15 15
75% 10 7 21 20
90% 41 32 30 28
95% 74 62 39 34
99% 165 151 69 56

Gate (uncencored) Tarmac

displayed in Table 2.5 below. Consistent with expectations if changes in delays are 

causally related to the Rule, tarmac times at quantiles below the median remain 

identical before and after the Rule. The observed reduction in mean tarmac time 

occurs because the upper tail of the distribution is compressed. A similar pattern is 

observed for gate delay quantiles. Overall, Table 2.5 complements Table 2.1 in which 

Table 2.1 shows that the unconditional mean of both types of delay declined after the 

Rule imposed while Table 2.5 reveals that these delay reductions are mainly 

attributable to lower delay on the upper tail.  

 

Table 2.5: Distribution of Gate Delay Times and Tarmac Times Before and After the 

Rule 

 

 

 

 

 

 

 

The conditional effect is, however, displayed in the results of quantile regressions 

reported in Table 2.6 below. The table also reports the OLS estimates (using 

uncensored gate delay times) for comparison.  
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OLS
10 25 50 75 90

Tarmac
Rule interim -0.41756*** -0.5370*** -0.86646*** -1.2820*** -1.5571*** -1.3447***

(0.05831) (0.04148) (0.04467) (0.08113) (0.27510) (0.43125)
Rule -0.43665*** -0.58270*** -0.94450*** -1.4130*** -1.8418*** -1.5722***

(0.05956) (0.04575) (0.04628) (0.07956) (0.27714) (0.44794)
Gate

Rule interim 0.5979*** 0.7604*** 1.4237*** 3.5533*** 6.7458*** 2.6236***
(0.07592) (0.06931) (0.10345) (0.27155) (1.1260) (0.95883)

Rule 0.79659*** 0.9771*** 1.7989*** 4.7725*** 9.3067*** 3.6707***
(0.07443) (0.07278) (0.10816) (0.28334) (1.1173) (0.98056)

Figures in parentheses represent boostrap standard errors
Results for the gate model represent time spend at the gate rather than gate delay (eg. without censoring)
*,** and *** denote significance level at 10%,5% and 1% respectively
All estimates have the same specification (control variables) as in the full sample OLS

Quantile Regression (Percentile)

 

Table 2.6: Quantile Regression with Bootstrap Standard Errors 
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Estimates at lower quantiles show a small but statistically significant impact of 

the Rule in reducing tarmac times (ranging from -0.44 minutes at the 10th percentile to 

-0.94 minutes at the median) and a similarly small and statistically significant impact 

of the Rule in increasing gate delay times (0.80 minutes at the 10th percentile and 1.80 

minutes at the median). Consistent with a causal interpretation of the effects of the 

Rule, the estimated magnitude of the effect becomes larger at higher quantiles. At the 

75th percentile of the distribution, post-Rule tarmac times are 1.41 minutes shorter, and 

at the 90th percentile tarmac delay times are 1.84 minutes shorter; the estimated impact 

of the Rule on gate delay times is 4.77 minutes longer at the 75th percentile of the 

distribution and 9.31 minutes longer at the 90th percentile. All estimated coefficients 

are statistically significant. As seen in previous results, the estimated coefficients on 

the Interim variable are also statistically significant and of the same sign as the 

coefficients on the Rule variable. This is again consistent with the interpretation that 

airlines began making adjustments in anticipation of the Rule enforcement date. 

5.3.4 Rare Event Logit Estimates of Cancellations 

 One potential concern in estimating the impact of the Passenger Protection 

Rule on flight cancellations and extremely lengthy delays is that these are relatively 

rare events. Among our nearly 10.5 million flight observations there are only about 

100,000 cancelled flights which is 0.88 percent of the sample; flights with gate delays 

or tarmac delays of more than 2 hours account for 2.77 percent and 0.98 percent of the 

sample, respectively. As such, there are very few observations of the binary dependent 

variables with the value of ‘one’ relative to ‘zero’, which may lead to under-estimates 

of the impact of the Rule. To test the robustness of our results to this problem, the 
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study applies the ‘choice-based’ rare event logit method with weighting correction as 

suggested by King and Zeng (2001). The idea is to keep all available Y =1 

observations while making a random selection of observations for which Y= 0, and 

then correct the standard errors using sampling weights. In addition, it is assumed that 

the true fraction of Y =1 equals the fraction in the data set.  

 A comparison of results using this method and the usual logit estimation is 

shown in Table 2.7 below. For the ease of calculation, marginal effects at the mean are 

reported rather than the average marginal effects. The comparison shows that the 

estimated coefficients and the marginal effects are very similar across the two 

methods, for both flight cancellations and extreme delay times, and thus rare event 

bias is not a concern. This is likely due to the benefit of having a very large data set, 

since bias from rare events is larger in small finite samples (King and Zeng, 2001). 

 

Table 2.7: Comparison of Logit and Rare Event Logit Estimation 
 

 

5.3.5 Tobit Estimates of Gate Delay 

 As the previous finding suggests a post-Rule impact of higher gate delay time 

as well as a lower probability of leaving the gate early, one may wonder about the 

Logit Rare event logit Logit Rare event logit

Cancellation -1.1393*** -1.1312*** -0.0030*** -0.0028***
(0.26519) (0.26518) (0.00068) (0.00057)

Gate delay more than 2 hrs -0.3307** -0.3157* -0.0068** -0.0060*
(0.1618) (0.16292) (0.00333) (0.00306)

Tarmac delay more than 2 hrs -0.8994*** -0.8942*** -0.0040*** -0.0037***
(0.26772) (0.26771) (0.00115) (0.00099)

Figures in parentheses represent standard errors
*,** and *** denote significance level at 10%, 5% and 1%, respectively
All estimates have the same sepecification as the full sample OLS

Coeffecient Marginal effect at the mean
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impact of the Rule on time spent at the gate rather than the gate delay time. 

Furthermore, one may want to know the impact of the Rule on gate delay conditional 

on flight not leaving the gate early (ie. impact on gate delay given that gate delay do 

occurred). Recall that gate delay data is censored and is assigned to zero for flight that 

leaves the gate early. Without censoring, these leaving the gate early data will have a 

negative value of gate delay.  

OLS estimates with and without censoring are shown in the first and second row 

of Table 2.8 and they can be interpreted as the impact of the Rule on gate delay and on 

time spent at the gate, respectively. The fact that the estimate on time spent at the gate 

is higher than the estimate on gate delay should not be a surprise as it is consistent 

with a lower post-Rule tendency of leaving the gate early. With censored data, one can 

also use Tobit estimation32 to estimate the impact of the Rule on time spent at the gate. 

This is shown in the fourth row of Table 2.8 in which the Tobit estimate matches 

nicely with the OLS counterpart. 

While Tobit estimates are helpful in providing estimates on time spent at the 

gate, they are not the correct tool to use to examine the impact on gate delay. This is 

why OLS is used rather than Tobit for analysis of gate delay despite having censored 

the data. Nevertheless, one would need to use Tobit estimate if the question of interest 

is on a specific conditional gate delay; gate delay given that delay has occurred. This 

conditional estimate is given by the last row of Table 2.8. Note that, one can use a 

naive approach by using an OLS with selected sample (only positive gate delay 

                                                 
32 Tobit estimates here use the same model specification as the OLS. 
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Gate delay
OLS

E(y|x) with censoring 3.1594***
(0.93915)

E(y|x) without censoring 3.6707***
(0.98056)

E(y| y>0 , x) 1.81104
(1.3009)

Tobit (average marginal effect)
E(y|x) 3.7002***

(0.70035)
E(y| y>0 , x) 3.0283***

(0.57486)
Figures in parentheses represent clustered standard errors for OLS and delta method is used
for Tobit. All estimates have the same sepecification as the full sample OLS
*,** and *** denote significance level at 10%,5% and 1% respectively

samples) but this would yield a bias estimate. In fact, the estimate of naive OLS in this 

case is not statistically significant. 

 

Table 2.8: OLS and Tobit Estimates of Gate Delay and Time Spent at the Gate 

 

 

 

 

 

 

 

 

 

 

6.  Effects of the Rule on Flight Scheduling 

6.1 Preliminary Statistics 

Our estimated models of delays and cancellations include a control for flight 

congestion at the scheduled departure time, and thus can be viewed as the net effects 

of the Rule after all airlines’ flight schedule changes are accounted for. However, 

these estimates do not permit examination of the effects of the Rule on changes in 

each airline’s flight schedule. Thus, it is important to separately examine whether 

post-Rule changes in flight schedules have occurred.  
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2007 2008 2009 2010 2011 2012 Before After

Flights per day 19.99 19.78 19.31 20.11 20.17 22.85 19.71 20.76

Table 2.9 displays the average number of departing flights per day by a given 

airline from a given airport. The data reveal a slight upward trend in flights over the 

period, and the pre-versus post-Rule comparison also shows no evidence of a post-

Rule decline. The unconditional mean of departing flights per day is higher during the 

post-Rule period (20.76) compared with the pre-Rule period (19.76). Of course, flight 

scheduling is influenced by both demand and supply factors and the patterns in these 

aggregate outcomes suggest significant impacts of demand (with average flight 

frequencies declining during the 2008-2009 recession).  

 

Table 2.9: Average Departing Flights Per Day by Carrier and Airport 
 

 

 

Figure 2.9 displays the mean percentage of flight departures allocated to 

different times of day (by 3 hour intervals) in the pre-Rule and post-Rule periods of 

our sample. The data show that the majority of flights are scheduled to depart between 

6 a.m. and 6 p.m., and there are two peaks – one at 6 to 9 a.m. and another at 3 to 6 

p.m. Comparing patterns for the pre-Rule versus post-Rule period, there is no evidence 

of a post-Rule change in flight scheduling toward non-peak hours of the day. In fact, 

after the Rule the percentage of flights during the two peak periods increased slightly: 

from 21.96 percent to 22.14 percent during 6-9 a.m., and from 18.68 percent to 18.78 

percent during 3-6 p.m. Overall, the raw data from our sample suggest no evidence of 

either a decreased number of flights or a shift of flights away from peak hours after the 

Rule. 
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Figure 2.9: Mean Percentage of Departing Flights by Time Slot Before and After the   

  Rule 

 

6.2 OLS Estimates 

Table 2.10 displays estimation results for the impact of the Rule on flight 

scheduling by a carrier at an airport on a day. As with the previous estimates the table 

displays only the coefficient estimate for the Rule variable. The estimated models are 

of the form of equation (2) above, including the INTERIM dummy variable. 

Estimation results indicate that even after controlling for various flight and route 

characteristics as well as various fixed effects, there is statistically significant evidence 

of post-Rule reductions in the total number of flights and in the scheduling of 

departures for peak travel hours.  This suggests that part of the effects of the Rule in 

decreasing tarmac times and flight cancellations may be due to adjustments in flight 

schedules. Note that these estimates are statistically significant only at the 10 percent 

level for the OLS estimates. 
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Negative binomial regression
Impact of rule variable on OLS Average marginal effects
Total number of departing flights -1.1384* -1.1595***

(0.61607) (0.38807)
Number of flight departing at peak hour -0.45099* -0.47116***

(0.23687) (0.16706)
No. of Observation is  533,577.
Figures in parentheses represent clustered standard errors (using delta method for average marginal effect)
*,**and *** denote significance level at 10%,5% and 1%, respectively.
All estimates used flight schedule specification in equation (2)

Table 2.10: OLS Estimates of Effect of Rule on Flight Scheduling  

 

 

 

 

 

 

Nevertheless, results from the OLS are double checked with count data 

estimation using the negative binomial regression which is also reported in Table 2.10. 

The average marginal effect obtained from these estimates is almost identical to the 

OLS results. Thus, OLS seems to be a good approximation despite the nature of count 

data. 

6.3 Heterogeneous Treatment Effects 

6.3.1 Subsample Estimates 

To test for heterogeneous treatment effects we estimate the impact of the Rule 

by sub-samples categorized by relative airport congestion. The same category 

definitions are applied as previously, with airport group 1 being the least congested 

airports and flight congestion group 1 being the least congested departure times. As 

seen in Figure 2.10 which plots estimates of Rule variable with a 90 percent 

confidence interval, flight frequency is unaffected by the Rule in airports with lower 

congestion but declines in more congested airports. The effect is not statistically 

significant, however, with the exception of a marginally significant (10% significance 

level) decline in the most congested airports. Effects of the Rule on flights during peak 
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travel hours are similar – with no effect in less congested airports but declines in more 

highly congested airports. Again, effects are only statistically significant on the margin 

in the highest congestion category. Overall, these findings are consistent with the full 

sample estimates, and suggestive of causal effects of the Rule in showing greater 

decreases in scheduled flights under conditions of greater congestion. 

 

2.10a. Number of flights 

 

 

 

 

 

 

2.10b. Peak-hour flights 

 

 

 

 

 

 

 

Figure 2.10: Impact of Passenger Protection Rule on Flight Scheduling by Varying  
  Levels of Airport Congestion 
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6.3.2 Pseudo-Diff-in-Diff Estimates 

Table 2.11: Pseudo Diff-in-Diff Estimates of Effect of Rule on Flight Scheduling 
 

 

As with delay and cancellation analysis, an approximation to diff-in-diff 

estimation is used to complement the OLS subsample estimation. This is again 

implemented by comparing congested (treated) and uncongested (control) airports. 

The purpose is not to find an average treatment effect but to serve as a robustness 

check for the heterogeneous effect. If such a heterogeneous effect exist as suggested 

by the OLS results, the diff-in-diff estimates should yield a statistically significant 

negative estimates on the interaction term (Treat*Rule). The estimation results, 

reported in Table 2.11, do support the evidence of heterogeneous effect. The port-Rule 

total number of flight per day by a carrier at the most congested airport seems to be 

about 5 flights less, relative to the least congested airport. Similarly, the post-Rule 

number of flight at peak hour at the most congested airport falls short by about 2 

Congested Airport
Total no. of flight

Treat*Rule -5.1816**
(2.1843)

Treated -1.5412
(5.8364)

Rule  1.4910
(1.1861)

No. of flight at peak hour
Treat*Rule -2.1182**

(0.86563)
Treated -1.8719

(2.3485)
Rule  0.50358

(0.47242)
Figures in parentheses represent clustered standard errors
*,** and *** denote significance level at 10%,5% and 1%, respectively
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flights compared to the least congested airport. These results are statistically 

significant at the 5 percent level. As such, the evidence of heterogeneous treatment 

effect from the OLS estimates is robust in line with the diff-in-diff approach. 

6.3.3 An Alternative Lag Specification 

 The fact that airline set their schedules in advance and existing routes are likely 

to persist led us to use 3-month average common lag value of flight characteristics. 

The robustness of 3-month choice is checked with the 6-month lag. The full sample 

estimated coefficient on the Rule variable for the total number of flight and the 

number of flight during peak travel hour is -0.92835 and -0.38541 respectively, 

suggesting a weaker flight reduction effect. However, none of these estimates are 

statistically significant. The clustered standard error for these estimate are 0.60679 and 

0.23435, respectively which are far too large for a significant impact. While the full 

sample estimates of the 6-month lag specification did not yield any statistically 

significant result, OLS subsample estimates of the 6-month lag suggest the same 

finding as the 3-month lag specification. This is depicted by Figure 2.11 which 

compares the graph of estimated coefficient on the Rule variable between the two 

specifications. Although these graphs do not show the 90 percent confidence interval, 

the 6-month lag estimates have a very similar statistical significant pattern of result 

with the 3-month lag specification. Thus, results from a 6-month lag specification do 

suggest scheduling impact on the most congested airport group. For a full detail of 

these estimates see Table 2.H in the Appendix 2. 
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2.11a. Number of flights 

 

 

 

 

 

 

2.11b. Peak-hour flights 

 

 

 

 

 

 

 
 
Figure 2.11: Impact of Passenger Protection Rule on Flight Scheduling by Varying  

  Levels of Airport Congestion Using the 6-Month lag Specification 
 

6.3.4 Quantile Regression Estimates of Flight Scheduling 

 As with the delay and cancellation analysis, it is also interesting to look at the 

distributional impact of flight schedule using quantile regression. In particular, the 

evidence of a lower post-Rule flight scheduling which is mostly apparent at the most 

congested airports suggests a distributional impact at the upper tail where flight 

frequency are high. However, looking at the raw distribution of flight frequency data 
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Centile Before After Before After

1% 1 1 0 0
5% 1 1 0 0
10% 2 2 1 1
25% 5 5 2 2
50% 10 11 5 5
75% 20 21 9 9
90% 46 53 19 23
95% 85 90 31 33
99% 154 147 60 54

No. of flight Peak-hour flights

in Table 2.12, the post-Rule number of flight actually increases from the 50th 

percentile onwards up until 95th percentile. It then declines at the 99th percentile.  

Similar distributional pattern is observed for the raw data on the number of flight at 

peak hour. 

 

Table 2.12: Distribution of Number of Flight and Peak-hour Flights Before and After  
  the Rule 

 

 

 

 

 

 

 

 

The conditional impact, however, portrays a slightly different pattern and the 

result is reported by Table 2.13 using quantile regression on 3-months lag 

specification. Note that Table 2.13 reports two types of quantile regression; a typical 

quantile regression technique which assumes a continuous dependent variable and a 

quantile count regression for a discrete dependent variable. The latter is a method 

proposed by Machado and Santos Silva (2005). The key concept introduced by 

Machado and Santos Silva is to replace the discrete dependent variable y with a 

continuous variable, z = h(y), where h(.) is a smooth continuous transformation. The 

standard quantile regression is then applied to z (the jittered variable). Point and 
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interval estimates are then converted back to the original y-scale by using functions 

that preserve the quantile properties. As such, two sets of estimates are shown for the 

quantile count regression; one for the marginal effect at mean on the jittered variable, 

z and another for the marginal effect at mean on the retransformed discrete variable. 

The set of 95 percent confidence interval for the latter estimates is also displayed in 

Table 2.13 instead of the standard error. 

Looking at Table 2.13, the standard quantile regression suggests that the impact 

on the total number of flight is mostly felt at the tail (at the 10th and 90th percentile). 

However, such results make little sense since the dependent variable is discrete – what 

does it mean to say that the total number of flight is reduced by 0.5 (half of a flight) at 

the 90th percentile. Therefore, while the standard quantile regression is a useful 

preliminary, analysis should be focus on the quantile count regression, especially on 

the retransformed discrete variable. Nevertheless, while the result from the quantile 

count regression suggests a marginal effect of one flight reduction at the 90th 

percentile for the discrete measure, the set of 95 percent confidence interval does not 

exclude zero flight impact. This is true both for the estimates in the total number of 

flight and flights at peak hour. As such, although point estimates suggest a flight 

scheduling impact at the higher end of the distribution. They are not statistically 

significant. 
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Table 2.13: Quantile Regression of Flight Scheduling with Bootstrap Standard Errors 

 

 

10 25 50 75 90
Total no. of flight

Quantile regression -0.29658* -0.06163 -0.11722 -0.22476 -0.51236**
(0.16729) (0.20431) (0.25976) (0.26906) (0.25547)

Quantile count regression
- On the jittered variable -0.436246** -0.34074* -0.29050 -0.54544* -0.87917**

(0.191175) (0.184032) (0.22605) (0.29803) (0.41738)
- On discrete count variable 0 -1 0 0 -1
   95 % confidence interval set [0, 0] [-1, 0] [-1, 0] [-1, 0] [-2,0]

No. of flight at peak hour
Quantile regression -0.04152 -0.04672 -0.00865 -0.18591 -0.31077

(0.13196) (0.13620) (0.14469) (0.15562) (0.23846)
Quantile count regression

- On the jittered variable -0.02188 -0.051950 -0.21509** -0.19904 -0.19233
(0.06801) (0.066822) (0.09966) (0.17511) (0.16838)

- On discrete count variable 0 0 0 -1 -1
   95 % confidence interval set [0, 0] [0, 0] [0, 0] [-1, 0] [-1, 0]

Figures in parentheses represent bootstrap standard errors. All estimates used flight schedule specification in equation (2)
*,** and *** denote significance level at 10%,5% and 1%, respectively

Estimated coefficient or marginal effect on RULE variable (Percentile)
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7.  Conclusion 

This chapter measures the impact of the Airline Passenger Protection Rule on 

flight delays, cancellations and flight scheduling by major airlines on major routes. 

The analysis uses data from the BTS on-time performance dataset, supplemented with 

data from the BTS T-100 Database, BTS Origin and Destination Survey, NOAA 

NCDC Global Summary of the Day Database, and FAA Flight Registry. Robust 

estimation approaches show that post-Rule changes in flight delays and cancellations 

in ways that are consistent with airlines’ adjusting flight management decisions in 

response to the Rule. First, there is strong evidence that airlines partially adjusted 

behaviors during the 4-month interim between Rule announcement and effective dates. 

Second, there is evidence of a shift from tarmac delays to gate delays but no evidence 

of higher probability of flight cancellations after the regulatory rule. Finally, effects 

are larger at more congested airports – particularly with respect to reductions in tarmac 

delay times and flight scheduling. Overall, the results suggest that the Rule led carriers 

to implement operational responses which led to modest improvements in departure 

performance, with no evidence of significant schedule disruptions feared prior to Rule 

enactment. 
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List of carriers 
American Airlines (AA)
Delta Airlines (DL)
US Airways (US)
United Airlines (UA)
Southwest Airlines (WN)
Continental Air Lines (CO)
AirTran Airways (FL)
JetBlue Airways (B6)
SkyWest Airlines (OO)
American Eagle Airlines (MQ)
Alaska Airlines (AS)
ExpressJet Airlines (XE)
Mesa Airlines (YV)
Atlantic Southeast Airlines (EV)
Pinnacle Airlines (9E)
Comair (OH)

Location of airport Airport code Congested group
Salt Lake City, UT SLC 1
Portland, OR PDX 1
San Diego, CA SAN 1
Los Angeles, CA LAX 1
Washington, DC DCA 1
Tampa, FL TPA 2
Minneapolis, MN MSP 2
Houston, TX IAH 2
Phoenix, AZ PHX 2
Seattle, WA SEA 2
Detroit, MI DTW 3
Orlando, FL MCO 3
Fort Lauderdale, FL FLL 3
Baltimore, MD BWI 3
Boston, MA BOS 3
Charlotte, NC CLT 4
Las Vegas, NV LAS 4
Denver, CO DEN 4
Washington, DC IAD 4
San Francisco, CA SFO 5
Philadelphia, PA PHL 5
Atlanta, GA ATL 5
Chicago, IL MDW 5
New York, NY JFK 5
New York, NY LGA 6
Miami, FL MIA 6
Dallas/Ft.Worth, TX DFW 6
Chicago, IL ORD 6
Newark, NJ EWR 6

APPENDIX 2: 

ADDITIONAL INFORMATION AND ESTIMATES 

 

Table 2.A: List of Carriers   Table 2.B: List of Airports 
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Table 2.C: Variable Definitions Summary Statistic 

Variable Definition 

RULE A binary indicator being one when the Passenger 
Protection Rule is in effect 

INTERIM A binary indicator being one during the interim period 
FREQ The number of times a given route is offered per day by a 

given carrier 
LOADFAC The mean ratio of passengers to available seats for a route* 
PEAK The number of flights that leave within a flight’s time block, 

normalized by maximum peakness of a given airport (sum of 
both departure and arrival peakness) 

SEATS The number of seats on a given flight’s plane 
YIELD The average revenue per passenger/mile for a given route 

(inflation-adjusted USD)* 
DEPHUBSML A binary indicator of whether the flight is leaving from one 

of its carrier's small hubs 
DEPHUBMED A binary indicator of whether the flight is leaving from one 

of its carrier's medium hubs 
DEPHUBLRG A binary indicator of whether the flight is leaving from one 

of its carrier's large hubs 
ARRHUBSML A binary indicator of whether the flight is arriving at one of 

its carrier's small hubs 
ARRHUBMED A binary indicator of whether the flight is arriving at one of 

its carrier's medium hubs 
ARRHUBLRG A binary indicator of whether the flight is arriving at one of 

its carrier's large hubs 
DISTANCE The distance between the origin and destination (miles) 
MONOP A binary indicator of whether a carrier is a monopolist for a 

given route 
TIME The time that the flight is scheduled to depart 
WEATHER Weather variables include the temperature at the origin 

airport (Fahrenheit), the wind speed at the origin airport 
(mph), a binary indicator of snow at the origin airport and 
a binary indicator of thunder at the origin airport. 

WEATHER 
INTERACTION 

All the possible pair of interaction among weather variables   

FIXED EFFECTS Fixed effect includes airline carriers, airports, days of week, 
months and years  
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Table 2.D: Summary Statistics of Variables 

 

 

 

 

 

 

 

 

Mean Standard deviation
Rule 0.41 0.49
Rule interim 0.06 0.24

Flight characteristic
Peak 0.87 0.26
Frequency 6.79 3.87
Time 0.56 0.20
No. of seats 149.26 66.59

Route characteristic
Distance 990.32 628.33
Mean load factor 0.80 0.11
Monopoly 0.21 0.41
Yield 226.57 105.97

Hub
Large Arrival Hub 0.09 0.29
Medium Arrival Hub 0.21 0.41
Small Arrival Hub 0.18 0.38
Large Departure Hub 0.09 0.28
Medium Departure Hub 0.21 0.41
Small Departure Hub 0.18 0.38

Weather
Thunder (indicator) 0.04 0.19
Snow (indicator) 0.04 0.19
Wind speed (knots) 7.41 3.39
Visibility (miles) 9.30 1.36
Temperature (F) 60.50 17.41
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Table 2.E: OLS Estimates Showing Control Variables 

 

OLS full sample
Gate delay Tarmac delay Cancellation Gate delay Tarmac delay Cancellation

Constant -17.866*** 15.304*** 0.00519 -17.8705*** 15.307*** 0.00521
(1.9574) (1.4141) (0.00902) (1.9558) (1.4141) (0.00903)

Interim 2.2282** -1.3447*** -0.01270***
(0.91494) (0.43125) (0.00287)

Rule 0.92730*** -0.22523*** -0.00168*** 3.1594*** -1.5722*** -0.01440***
(0.20196) (0.07968) (0.00062) (0.9391) (0.44794) (0.00311)

Flight 
Peak 2.97343*** 4.3638*** -0.00384*** 2.9743*** 4.3632*** -0.00385***

(0.28588) (0.25967) (0.00075) (0.28581) (0.25969) (0.0007)
Frequency -0.09826*** -0.01579 0.00041*** -0.09816*** -0.01585 0.00041***

(0.03410) (0.02203) (0.00014) (0.03409) (0.02202) (0.00014)
Time 25.5470*** 2.8862*** 0.00193** 25.547*** 2.8859*** 0.00193**

(1.0724) (0.53750) (0.00095) (1.0724) (0.53753) (0.00095)
No. of seats 0.00286** 0.00269*** -0.000001 0.00286** 0.00270*** -0.000001

(0.00130) (0.0007) (0.000003) (0.00130) (0.00077) (0.000003)
Route

Distance -0.00093*** 0.0002** 0.00001* -0.00093*** 0.00023** 0.00001*
(0.00023) (0.00011) (0.000005) (0.00023) (0.00011) (0.000005)

Mean load factor 7.62376*** -1.1087 -0.03725*** 7.6186*** -1.1056 -0.03722***
(1.0860) (0.74098) (0.00737) (1.085) (0.74094) (0.00737)

Monopoly -0.66305*** -0.465863*** -0.00115** -0.66301*** -0.4658*** -0.00115**
(0.20511) (0.15680) (0.00049) (0.20513) (0.1567) (0.00049)

Yield 0.00211* -0.00029 -0.000002 0.00211* -0.00028 -0.000002
(0.0012) (0.00058) (0.000002) (0.00123) (0.00058) (0.000002)

Without interim With interim
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Table 2.E (Continued) 

 

 

 

 

OLS full sample
Gate delay Tarmac delay Cancellation Gate delay Tarmac delay Cancellation

Hub
Large Arrival Hub 0.27861 -0.5551* -0.00157 0.27808 -0.5548* -0.00156

(0.42953) (0.32506) (0.00147) (0.42952) (0.32508) (0.00147)
Medium Arrival Hub 1.1252*** -0.19227 0.00010 1.1253*** -0.19234 0.00010

(0.28416) (0.16367) (0.00074) (0.28418) (0.1636) (0.00074)
Small Arrival Hub 1.3281*** 0.03089 -0.00101 1.3278*** 0.03108 -0.00101

(0.3628) (0.16112) (0.00071) (0.3628) (0.16112) (0.00071)
Large Departure Hub -0.67311 -0.27680 -0.0017 -0.67397 -0.27628 -0.00173

(0.59036) (0.45090) (0.00208) (0.59032) (0.45099) (0.00208)
Medium Departure Hub 0.79916** 0.79776** -0.00067 0.79911** 0.79778* -0.00067

(0.39747) (0.33123) (0.00108) (0.39756) (0.33125) (0.00108)
Small Departure Hub -0.56989 0.44266 -0.00218* -0.57033 0.44293 -0.00218**

(0.40006) (0.27568) (0.00088) (0.40009) (0.27571) (0.00088)
Figures in parentheses represent clustered standard errors (345 numbers of clusters). The total number of observation is 10,562,618
*,**,*** denote significance level at 10%,5% and 1%, respectively
All estimates include  i) carriers fixed effect ii) airport fixed effect iii) month fixed effects iv) day of week fixed effects v) year fixed effects

vi) weather variables (snow, thunder, wind speed and visibility) vii) every pair of interaction among weather variable
viii) merger dummies

Without interim With interim
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OLS
1 2 3 4 5 6 7 8 9 10

Gate delay 
Rule 2.6369* 3.5551** 2.7131* 3.3042** 2.4340** 1.5647 3.2442** 3.4935** 4.3104*** 4.2976***

(1.3744) (1.3735) (1.5082) (1.6831) (1.2068) (1.4598) (1.3402) (1.7484) (1.2185) (1.3475)
0-30 mins 0.04724*** 0.07060*** 0.0577*** 0.05293*** 0.00927 0.05023*** 0.02550 0.02996* 0.04817** 0.06421***

(0.01409) (0.01401) (0.01590) (0.01492) (0.01450) (0.01890) (0.01958) (0.01754) (0.02059) (0.02176)
30-60 mins 0.03186*** 0.03931*** 0.01869* 0.00651 0.03334*** 0.01366 0.03741*** 0.04381*** 0.01936** 0.04080***

(0.0089) (0.0091) (0.00992) (0.00786) (0.01125) (0.00967) (0.00995) (0.01078) (0.00849) (0.01280)
60-120 mins 0.02162*** 0.01868** 0.00754 0.01394 0.00952 0.02187** 0.01816* 0.02553** 0.03745*** 0.01007

(0.00678) (0.00860) (0.00774) (0.00847) (0.0084) (0.0100) (0.00973) (0.00984) (0.00993) (0.00950)
>120 mins -0.02802*** -0.01773** -0.01241 -0.00701 -0.00477 -0.01898** -0.00453 -0.01998** -0.00237 0.00070

(0.0080) (0.00767) (0.00794) (0.00858) (0.00811) (0.00705) (0.00661) (0.00805) (0.0070) (0.00656)
Tarmac delay 

Rule -1.7313*** -2.1909*** -1.7302*** -2.0977*** -1.9897*** -1.1309** -1.8322*** -1.6802** -1.3734** 1.1607
(0.54202) (0.56049) (0.53567) (0.58898) (0.65108) (0.50102) (0.52633) (0.65738) (0.57224) (1.6281)

0-30 mins 0.05274*** 0.05597*** 0.06587*** 0.0682*** 0.06413*** 0.04085*** 0.05806*** 0.04910*** 0.03460** 0.02765
(0.0141) (0.01291) (0.01196) (0.01402) (0.01352) (0.01427) (0.01430) (0.0166) (0.01408) (0.02063)

30-60 mins -0.02456** -0.0293*** -0.04209*** -0.04493*** -0.04938*** -0.02765*** -0.04246*** -0.03587*** -0.0260** -0.0424**
(0.01024) (0.00941) (0.00875) (0.01066) (0.0097) (0.01170) (0.01214) (0.0135) (0.0113) (0.01939)

60-120 mins -0.0006 -0.00673* -0.00609 -0.00523 -0.00556 -0.00064 -0.01025*** 0.00294 -0.00466 0.01365
(0.00445) (0.00365) (0.00469) (0.00400) (0.00455) (0.00447) (0.00346) (0.00550) (0.00501) (0.01044)

>120 mins -0.02729*** -0.01967*** -0.01734*** -0.01782*** -0.00901* -0.01241** -0.00517 -0.01609*** -0.00377 0.00120
(0.00520) (0.00470) (0.00489) (0.00501) (0.00542) (0.00491) (0.00447) (0.00439) (0.00489) (0.00807)

Cancellation
Rule -0.0269*** -0.01825*** -0.01889*** -0.01809*** -0.01006** -0.01342*** -0.00839** -0.01452*** -0.00619 -0.00686***

(0.0051) (0.00460) (0.00435) (0.00422) (0.00457) (0.00418) (0.00364) (0.00385) (0.00386) (0.00176)
No. of observation 1,062,092 1,064,513 1,060,953 1,055,977 1,055,225 1,056,964 1,053,094 1,052,927 1,055,786 1,045,087
No. of cluster 339 339 340 340 340 339 338 336 336 328
Figures in parentheses represent clustered standard errors. All estimates have the same sepcification as in equation (1)
*,** and *** denote significance level at 10%,5% and 1%, respectively

Least peak capacity Most peak capacity

Table 2.F: Sub-Sample OLS Estimates by Peak Capacity Group on Delays and Cancellations 
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OLS
1 2 3 4 5 6

Gate delay 
Rule 3.2901** 3.8671** 7.4885*** 2.1560** 2.2981 -1.4353

(1.3876) (1.5054) (1.3828) (0.99357) (2.642) (3.3951)
0-30 mins 0.05238*** 0.04332*** 0.04825*** 0.0569** 0.06671*** 0.0248

(0.01873) (0.01310) (0.01199) (0.0569) (0.01909) (0.01608)
30-60 mins 0.03845*** 0.03422*** 0.0313*** 0.01770 0.01974** 0.02467*

(0.00927) (0.01017) (0.00925) (0.01108) (0.00967) (0.01256)
60-120 mins 0.02190*** 0.01242* 0.0284*** 0.01213** 0.01909 0.01238

(0.00763) (0.00624) (0.0089) (0.00544) (0.01264) (0.01338)
>120 mins -0.01584** -0.00286 0.01027 -0.0112 -0.03407* -0.03003

(0.00611) (0.00672) (0.00860) (0.00682) (0.01999) (0.01821)
Tarmac delay 

Rule -0.04249 -0.48987** -0.34833 -1.3337*** -1.7954 -3.5493***
(0.3626) (0.2426) (0.51092) (0.37956) (1.4970) (0.95361)

0-30 mins 0.00407 0.02319*** 0.01058 0.04062*** 0.06866** 0.1036***
(0.00926) (0.00514) (0.01043) (0.0070) (0.03092) (0.01908)

30-60 mins 0.00857 -0.0128*** 0.00090 -0.0287*** -0.03939*** -0.07094***
(0.00839) (0.00415) (0.00803) (0.00699) (0.01435) (0.01422)

60-120 mins 0.00508 -0.00336** -0.00345 -0.00025 0.00009 -0.01146**
(0.00481) (0.00134) (0.00475) (0.00337) (0.00850) (0.00559)

>120 mins -0.01754*** -0.00686** -0.0077 -0.01144*** -0.02921 -0.02110**
(0.00481) (0.00323) (0.00520) (0.00382) (0.01853) (0.0103)

Cancellation
Rule -0.01737*** -0.00655* -0.0091* -0.01088*** -0.03507** -0.01820**

(0.00491) (0.00326) (0.00491) (0.00356) (0.01538) (0.00883)
No. of observation 1,658,811 1,623,005 1,539,722 1,548,643 2,032,348 2,160,089
No. of cluster 62 60 57 53 53 60
Figures in parentheses represent clustered standard errors. All estimates have the same sepcification as in equation (1)
*,** and *** denote significant level at 10%,5% and 1%, respectively

Least congested group Most congested group

Table 2.G: Sub-Sample OLS Estimates by Congested Airport Group on Delays and Cancellations 
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Table 2.H: Impact of Rule on Scheduling Using the 6-Month Lag Specification 

 

 

 

 

 

Overall 1 2 3 4 5 6
Total no. of flight

 6 month lag
Rule -0.92835  0.00098 -0.25295  0.29958 -1.6650 -3.1618 -2.8137**

(0.60679) (0.70793) (0.91872) (0.79960) (1.0585) (2.0143) (1.2515)
Interim -0.99545** -1.0629** 0.33760 -0.26095 -1.7636** -2.5307* -2.2233***

(0.36537) (0.4916) (0.4208) (0.49902) (0.7319) (1.3777) (0.81160)
No. of flight at peak hour

 6 month lag
Rule -0.38541 -0.23914 -0.07346  0.13807 -0.66666 -0.85973 -0.99024*

-0.23435 (0.29633) (0.41502) (0.32088) (0.43355) (0.79060) (0.51457)
Interim -0.32150** -0.36436  0.20582  0.10930 -0.74478** -0.78838 -0.82695**

-0.15529 (0.22797) (0.19925) (0.26298) (0.33675) (0.56962) (0.3942)
No. of observation 505,508 - 543,462 96,290 - 97,393 87,881 - 99,400 86,829 - 93,633 77,595 - 83,739 73,018 - 79,867 88,433 - 94,430
No. of cluster 332- 360 60 - 64 59 - 62 56 - 59 51 - 55 49 - 56 59 - 64
Figures in parentheses represent clustered standard errors
*,** and *** denote significance level at 10%,5% and 1%, respectively
All estimates include  i) carriers fixed effect ii) airport fixed effect iii) month fixed effects iv) day of week fixed effects v) year fixed effects

vi) merger dummies vii) all the average lag of route and flight characteristics

OLS
By degree of congestion
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Being poor

Limited access to 
financial market

Lower risk activity

Low return

CHAPTER 4 

CREDIT ACCESS AND HOUSEHOLD DIVERSIFICATION BEHAVIO R: 

EMPIRICAL EVIDENCE FROM THAILAND 

 
1. Introduction  

Households facing risky environments typically have two kinds of risk 

management strategies: ex-ante and ex-post strategies. The former attempts to mitigate 

ex-ante the riskiness of income processes by means of income diversification through 

diversified activities, while the latter deals with the consequences of ex-post of income 

risk. These strategies include having enough savings in bad times or having insurance 

to mitigate the loss of a negative shock. One can see that having well-functioning 

financial markets plays an important role in providing access to credit as well as other 

financial instruments, all of which facilitate ex-post risk management. 

 

 

 

 

 

 

Figure 3.1: Illustration of a Poverty Trap 

 

Poor households, however, have less access to these financial markets. As such, 

their only option is to rely more on ex-ante risk management by pursuing low risk 
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activities, which in turn yields low returns. Therefore, these households remain poor. 

This is one illustration of a poverty trap as shown in the Figure 3.1 Above. 

In the context of farming, one strategy for farmers to lower their risks is 

diversifying their farming activities. Given that farmers do not have enough 

knowledge about financial theory, which would make them operate at the risk-return 

frontier, it is possible that diversification in farming activity could lead to higher 

returns. Thus, if less access to credit leads to more diversification behavior and if 

diversifications lead to higher returns, then it is possible to break the poverty trap 

diagrammed above. As such, in a setting where financial tools are limited and a 

poverty trap occurs, one aspect to examine is which particular set of conditions is a 

hindrance to breaking out of the cycle. Specifically, is it because poor households are 

not diversifying, or if they are, do they diversify correctly to enhance returns (eg. 

operate towards the risk-return frontier)? This motivates two important questions. 

First, the question of whether less access to credit leads to more farming 

diversification, and second, the question of whether farmers operate at the risk-return 

frontier. This chapter will focus on answering the first question since the latter is of 

less importance, especially if they do not diversify in the first place.  

The rest of the chapter is organized as follows. Part 2 presents some existing 

literature and discusses a few challenges of empirical work dealing with the 

measurement of access to credit. Part 3 builds a simple model on diversification 

decisions, which leads to a hypothesis regarding the impact of access to credit on 

diversifying behavior. Part 4 introduces the Townsend Thai Project Initial Household 

Survey as a key dataset used throughout the chapter as well as the assumptions 
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imposed on access to credit index measure. Part 5 presents and discusses regression 

results and Part 6 concludes the chapter. 

2. Previous Literature  

Household risk management strategies have been thoroughly examined in 

development economics literature. Alderman and Paxson (1994) distinguish between 

ex-ante and ex-post approaches as risk-management and risk-coping strategies, 

respectively. Ex-ante-wise, Rosenzweig and Binswanger (1993) and Morduch (1990) 

find that households are usually involved in various activities both in farming and non-

farming activities as well as seasonal migration to diversify their income.  Ex-post-

wise, Deaton (1991) shows that precautionary saving, which builds up assets in good 

times and depletes them in bad times is one common strategy for households to 

manage their risks. Access to credit also plays an important role in ex-post risk 

management and the well-being of households (see for example Feijo (2001), Kaboski 

and Townsend (2011)). Cai, H. et al. (2009) also suggest that microinsurance as a 

complement to microfinance lead to increases in production. Nevertheless, access to 

formal financial markets is often limited or absent especially for poor households (see 

Bell (1998) for a survey) which limits the extent to which households can ex-post 

manage their risk efficiently.  Moreover, poor households build up little to no savings 

in good times for use in bad times. Hence, they need to rely on income diversification 

(the ex-ante approach) as well as other risk-coping strategies such as increased labor 

supply (see Kochar (1995)) and group-based risk sharing (see Lund and Fafchamps 

(1997)). 
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The link between access to credit and income diversification for farmers has 

been studied mainly through the determinant of crop diversification literature. 

However, only a few studies have cited access to credit as a statistically significant 

determinant. The variables most commonly found significant are farm size, household 

size, educational level, trade experience and income. (see for example Joshi et al 

(2004), Windle and Rolfe (2005), Ashfaq’s et al (2008) and Rehima et al (2013)).  

However, these studies face many challenges in obtaining a good measure of access to 

credit. For example, Rehima et al (2013), which did not find access to credit a 

significant variable, uses only a ‘Yes’ or ‘No’ question as a dummy variable as a 

proxy for access to credit. On the other hand, literature that finds access to credit a 

significant variable use past borrowing data, which has endogeneity problems (see 

Schwarze and Zeller (2005)).  

Other approaches such as clean randomized experimental design may 

circumvent endogeneity problems but their findings may not be useful. This is because 

participants of the experiment know that the credit received by the experiment is only 

temporary. As such, their behaviors as a result of having a temporary access may be 

different from a permanent access. One can conceive of a model in which the 

borrowing limit is relaxed for one period, as opposed to relaxing it permanently, 

household behavior by means of consumption and investment would react very 

differently. To this end, microfinance literature base on a randomized trial experiment 

will not be useful to a policy maker that wants to establish a microfinance institution 

permanently. Thus, one will need to resort back to using survey data to examine a 

permanent effect of access to credit and deals with the endogeneity problems. 
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3. The Model and Hypothesis 

3.1 The Model 

Consider the following simple decision structure of diversification. For 

simplicity, suppose farmers have two decision choices: to diversify or to not diversify. 

The utilities of both diversified outcome and non-diversified outcome depends on the 

return and its variance of each outcome with an associated cost of diversification if 

farmers choose to diversify and zero cost of diversification otherwise. Furthermore, 

access to credit influences farmers’ perception of risk as those without access to credit 

would have a lower capability to absorb risk and hence would tend to be more risk 

averse relative to those with a good credit access. Assume for simplicity that utility is 

linear and additive as described below: 

 

0 1 2 2

0

0 1 2 2

[1]          * (1 )* *

[2]           + *

[3]          * (1 )* *

D D a D na D

j

i i
i

ND ND a ND na

U return z var z var cost of  diversification

Cost of  diversification z other cost factors

U return z var z

β β β β

α η α

β β β β

= + − − − −

= +

= + − − −

∑

1    
[4]            

0    

NDvar

if no access to credit
z

if have access to credit


= 


 

 

UD is the utility of a diversified outcome while UND is the utility of a non-

diversified outcome. The superscript “D” and “ND” stand for diversification and non-

diversification, respectively. The superscript, “a” and “na”, on beta’s and gamma’s 

stand for access to credit and no access to credit, respectively. The signs of all 

parameters are positive such that utility increases with return and decreases with 
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variance and cost of diversification. Notice that the effect of the variance on utility is 

heterogeneous depending on each farmer’s condition of access to credit. Specifically, 

having no access to credit changes a farmer’s risk preference such that more weight is 

given on the variance term (e.g. 2
a
β < 2

na
β ). That is, the variance term gets more 

disutility when there is no access to credit. In addition, having access to credit will 

ease the cost of diversification, which is lowered by η. Another way is to view no 

access to credit as an extremely high borrowing cost, which is captured by the 

parameter η. As such, no access to credit discourages diversification through the 

financial cost argument. There will also be other costs to diversification such as 

knowledge, time and effort, which are captured by the other cost factors.  

 A farmer will choose to diversify if UD- UND > 0. This yields the following 

reduced form condition for diversification.  

 

1 2 2 2[5]      ( ) ( ) ( )( ) *  

         0

D ND a ND D a na D ND

j

i i
i

return return var var var var z

other cost factors

β β β β η

α

 − + − + − − − 

− >∑
 

 

From [5], a decision to diversify or not depends on four factors: the differences 

in risk and return of the two cases, the degree of risk shifting perception when there is 

no access to credit, which is captured by the differences in the beta’s and finally, the 

costs to diversification. The marginal effect of having no access to credit (ie. z = 1) on 

the decision to diversify or not is given by the term 2 2( )( ) *  a na D NDvar var zβ β η − − −  . 

Under the risk shifting mechanism, it is assumed that 2 2
a na
β β< . Assuming that 
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diversification leads to a lower variance (ie. varD< varND), the contribution from 

differences in the variance term is unambiguously in favor of diversification. The 

contribution from the differences in return depends on which cases give higher returns. 

Nevertheless, if the shift in risk preferences is large enough so that it dominates other 

forces (e.g. the cost of diversification and/or the differences in return), then having no 

access to credit will lead to a choice of diversification.  

As such, the model above gives the following insight. First, a preliminary 

requirement though not a sufficient one for the case of diversification is that 

diversification must reduce variance (risk). Second, the effect of having no access to 

credit on shifting farmers’ preferences must be large enough to offset the cost of 

diversification, including financial costs and other cost factors. Lastly, the differences 

between the return of diversified outcome and non-diversified outcome matter. On this 

last statement, even if one assumes that the return of the diversified outcome is lower 

than the non-diversified outcome, the model can still be tweaked to produce an 

outcome in favor of diversification, by having a heterogeneous effect of return on 

utility depending on credit access conditions similar to the one imposed on the 

variance term. For example, farmers may care less about return but more on variance 

when credit access isn’t available. Hence less weight is given to the return while more 

weight is given to the variance. This would gear farmers’ choice towards a more 

diversified outcome. In this extended setting, the condition in [5] becomes [6] as 

described below (it additionally assumes that1 1
a na
β β>  so that less weight is given to 

utility when there is no access to credit).  
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β β

β β β β η

α

− + − +

 − − + − − − 

− >∑

1 2

1 1 2 2

[6]         ( ) ( )

            ( )( ) ( )( ) *  

            0

a D ND a ND D

a na ND D a na D ND

j

i i

i

return return var var

return return var var z

other  cost factors

 

Note that from [6], although the contribution from the differences in the  

two returns is still ambiguous since the term,1 ( ) a D NDreturn returnβ − and the other 

term 1 1( )( )a na ND Dreturn returnβ β− −  inside the expression [..]*z oppose each other, if 

the shift in return preferences is large enough, having no access to credit will gear 

farmers toward diversification when returns on diversification are lower than in the 

non-diversification case. 

One can improve this model by adding a continuum of choices in farming 

activities instead of the two simplified, discrete choices and outcomes. In this way, 

farmers will have different mixtures of diversified outcomes to compare and will 

choose an outcome among these mixtures of outcomes that maximize their utilities. 

Nonetheless, the intuition derived from the two-choice model remains. That is, the 

effect of access to credit on diversification is ambiguous depending on whether 

diversification leads to a lower risk outcome or not, the largess of the shift in risk 

preference and the largess of the associated costs of diversification. This leads us to 

the following hypothesis below.  

3.2 Hypothesis 

Access to credit can affect diversification behavior in either case. Risk 

management strategy suggests that having a low access to credit limits the option of 

ex-post risk management and a change in risk perception due to a lower capability of 
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risk absorption induce household to rely more on ex-ante approaches. This encourages 

more diversified behavior. In this view, less access to credit should lead to more 

farming diversification. On the other hand, if diversification is costly and requires 

lumpy investment, the financial constraint argument suggests that low access to credit 

is associated with low levels of diversification, since households may not have enough 

funds to invest and diversify. Thus, the net effect is unclear depending on whether the 

change in risk preference behavior dominates the financial and non-financial costs of 

diversification or not. 

4. Data and Econometric Estimation  

 Throughout the chapter, the Townsend Thai Data Household Survey is the 

main data set used to analyze the linkage between access to credit and households’ 

farming diversification behavior.  The baseline survey was initiated in 1997. It is a 

survey at a household level conducted in rural areas across 4 different provinces in 

Thailand. In each province, 12 tambons (subcounty) were randomly selected using 

stratification method. Within each tambon, 4 villages were selected randomly. Finally, 

15 households were chosen at random from each of the villages. This constitutes a 

total of 192 villages, 48 tambons and 2,875 households included in the baseline 

survey. Only several fractions of the sample were resurveyed at a later date. At the 

time of writing, the series of this cross-sectional dataset is available online, ranging 

from the 1997 survey to the 2011 survey. The survey includes questions on household 

composition, household assets, expenditure, income, borrowing, lending as well as a 

hypothetical question section. Data on household farming activities were collected in 

broad categories consisting of 10 farming activities: rice farming, corn farming, 
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shrimp farming, fish farming, orchard farming, vegetable farming, the farming of 

other crops, chicken or duck raising, pig or cow raising and other specified activities.33  

4.1 Construction of Access to Credit Index  

 The hypothetical survey section contains useful information about the 

construction of access to credit index. It surveys households on how they would raise 

finance in response to a serious monetary shock. It then asks that if that finance option 

was not available, what would be an alternative source of financing. This latter 

question was asked twice. Thus, the data contains three responses in total from each 

household. Two levels of shock were surveyed: a 2,000 baht shock and a 20,000 baht 

shock, which is equivalent to about 45 USD and 450 USD, respectively (according to 

the 1997 exchange rate). There are several benefits of using these hypothetical 

questions for the construction of an access to credit index. First, all respondents face 

the same absolute shock, which is random (i.e. not anticipated by the respondent). 

Second, the question’s hypothetical nature should mitigate part of the endogeneity 

problem. Third, a credit access score can be constructed even if the respondent has 

never borrowed before (i.e. less selection bias). Thus, this method should face fewer 

problems compared to previous studies that used past borrowing data. In addition, the 

large variation in the responses contains a lot more information than a ‘yes’ or ‘no’ 

question posed in the previous literature.  

The 450 USD shock is considered to be large given the fact that Thailand’s GDP 

per capita was about 2,500 USD in 1997. In fact, from the 1997 dataset, only about 12 

                                                 
33 Out of 2,875 households, about 1,500 households were farmers.  Within each farmer’s household, 
about 70 percent were rice farmers. 
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1st answer 2nd answer 3rd answer No. of obs
Use savings 286 21 18 2,309

(%) 12.4 0.9 0.8

percent of households had enough savings to pay 450 USD immediately as shown by 

Table 3.1, below. 

Table 3.1: Number of answers and percentages of answering “use savings” by answer  
 slots 

 

 

 

 

Table 3.1 shows the number of households and the percentages of households 

that answered “use savings” to respond to a 450 USD shock by each question slot. 

This indicates that 450 USD is considered a large shock and almost all households 

would use their savings first if they are able to.  

 Since using savings conveys no information about the degree of credit access, 

one should use information from only two slots. The idea is to construct an access to 

credit index where using savings is not an available option. That is, if the households 

cannot use their savings, their next source of finance should reflect the degree of their 

access to credit. For example, the responses to the second and third slots are used for 

observation that indicates saving in the first slot. For those that do not have enough 

savings, the responses to the first and second slots are used while leaving out the last 

response slot. Household responses to the financial shock are grouped into 6 broad 

categories in an ascending order of the degree of credit access: unobtainable, sell 

assets, mortgaged house or land, borrow from a non-financial institution, borrow from 

an informal financial institution and borrow from a formal financial institution. Note 

that since losing a house or land is a disastrous fortune for a farmer, households are 
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assumed not to risk themselves in losing their houses or land and hence mortgaging 

houses or mortgaging lands are ranked as having a low degree of access to credit. 

 

Table 3.2: Distribution of Percentage of Answer by Answer Slots 

 

 

Table 3.2 reveals some interesting patterns of response to the 450 USD shock in 

the 1997 survey. Initially, borrowing from a non-financial intuition is the dominant 

source of finance. Borrowing from an informal financial institution was not popular. 

The fraction of households that chose this option is the second lowest, next to the 

unobtainable option. Furthermore, households tend to sell their assets or mortgaged 

their house and land as a last resort. These patterns seem to support the ranking order 

to reflect the degree of credit access. As financial options are removed, households 

tend to sell off their assets as well as mortgage their houses and land. In addition, the 

fact that the majority of households borrows from a non-financial institution source 

does not necessary mean that they prefer this option. It could mean that there was no 

or little supply of informal or formal financial institutions in the area, or perhaps that 

the borrowing costs from these institutions are higher. Information regarding the 

supply of institutions and their borrowing costs is unknown. 

Ranking (% of total answer) 1st answer 2nd answer 3rd answer
0 Unobtainable 2.1 1.5 2.6
1 Sell assets 15.0 18.7 25.5
2 Mortgaged house/land 9.3 11.0 14.9
3 Borrow from non-FI 53.0 59.4 43.5
4 Borrow from informal FI 4.1 3.3 4.3
5 Borrow from FI 16.5 6.1 9.3



 

140 
 

The score indicating degree of credit access is constructed based on these 6 

broad categories. By breaking these broad categories down into subcategories and by 

ranking them in order of X, the credit access score is extrapolated linearly. Table 3.3 

summarizes how each subcategory is ranked with its associated score. 

 

Table 3.3: Assignment of Score by Degree of Access to Credit 

 

 

 

 

 

 

 

 

 

The ranking of each subcategory is based on judgments associated with Thai 

culture. For example, borrowing from a relative is considered to be easier than 

borrowing from a non-relative. Furthermore, borrowing from many people is assumed 

to be more difficult than borrowing from one person. These are strong assumptions. 

The maximum score is assigned to be 5.5 when a household borrows from a 

commercial bank, while the lowest score is 0 when credit is not obtainable. Figure 3.2 

displays the kernel density of the constructed credit access index from the above 

rankings and the score ordering for the case of 1997. 

Ranking Score Category

0.00 - Unable to get/ask for delay

0.50 - Ask money from children

1.00 - Illiquid asset (house, land, car, equipment)

1.33 - Other asset

1.66 - liquid asset (rice, livestock, jewelry/gold)

2 2.00 Mortgaged house/land

3.00 - Have someone borrow on behalf

3.14 - From one relative 

3.29 - From many relatives 

3.43 - From one non-relative

3.57 - From many non-relative 

3.71 - From many both relative and non-relative 

3.86 - Money lender in the village 

4.00 - Pawn shop

4.50 - local funds (village fund, housewife group fund etc)

5.00 - Special purpose FI

5.50 - Commercial bank

4 Borrow from Informal 

FI

5 Borrow from FI

0 Unobtainable

1 Sell assets

3 Borrow from non-FI
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Figure 3.2: Kernel Density of Constructed Access to Credit Index 

 

Four different credit access indexes were constructed. The first three indexes 

differ by applying different weight on the answer slots. Index 1 assigns equal weight 

to both answer slots while Index 2 gives more weight to the first slot and index 3 gives 

more weight to the second slot34. Overall, the three indexes look very similar. Index 4 

uses all information from three answer slots with two assumptions. The first is by 

assuming that those who have enough saving to pay in bad time are relatively richer 

households. Second, rich households have a good access to credit. Thus, those who 

answer “use savings” are those who have a good credit access and get a score of five 

which is equivalent to being able to borrow from a special purpose financial 

institution. This is a strong assumption but yield us more efficiency by using more 

information from three answering slots. Index 4 uses equal weighting on all answer 

slots. The kernel density between Index 1 and Index 4 is as shown in Figure 3.3 which 

                                                 
34 Index 2 gives a weight of 0.7 and 0.3 to the first and second slot, respectively, while index 3 gives a 
weight of 0.3 and 0.7 to the first and second slot, respectively.   
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indicates that Index 4 is more spread out and have a distribution that is closer to a bell-

shape than Index 1. 

 

 

 

 

 

 

 

 

 

Figure 3.3: Comparison of Credit Index 1 and Credit Index 4 

 

Since constructing access to credit index in this way requires a lot of 

assumptions, one would need to test whether such a measure is sensible and applicable 

to use. In particular, as mentioned previously, poor households should have less access 

to credit. Moreover, one might also believe that a more educated household is likely to 

have better financial competency, which would enable them to have a better chance at 

being granted credit. One can examine such a correlation between the constructed 

measure of access to credit with a wealth measure as well as an education measure.  

Table 3.4 reports estimates from a pooled OLS using data during 1997 – 2000 by 

regressing an access to credit measure on net income per head with two education 

dummies (the constant represents below compulsory level). Note that although the 
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OLS Index 1 Index 2 Index 3 Index 4
ln(net income per head) 0.01504** 0.01589*** 0.01418** 0.04840***

(0.00591) (0.00562) (0.00682) (0.00736)
At the compulsory level 0.01153 0.02207 0.00098 0.00860

(0.03058) (0.03199) (0.03199) (0.0302)
Above the compulsory level 0.14384*** 0.15083*** 0.13686*** 0.15682***

(0.0390) (0.04014) (0.04154) (0.03852)
Constant 2.8087*** 2.797667*** 2.81978*** 2.540088***

(0.06188) (0.06010) (0.06990) (0.07321)
Total number of observation is 4,713. Figures in parentheses represent robust standard errors.
*,** and *** denote 10%, 5% and 1% significance level, respectively.

Townsend Thai Data resurveyed several parts of its sample at a different, subsequent 

year up until 2011, only data during 1997 – 2000 are usable. This is because from 

2001 onwards, household responses to the hypothetical questions were improper as the 

majority of the household repeated their first set of answers for the second and third 

slots as well. As such, only data during 1997 – 2000 are used, not the entire series. 

 
Table 3.4: Regression of Credit Access Index on Income and Education Using Pooled   

 OLS 
 

 

 

 

 

 

 

From Table 3.4, it seems that the constructed measure of access to credit is 

positively correlated with both income and educational level. Note that the 

compulsory level of education in the period of the head of the household generation is 

grade 4. Only those with education levels higher than the compulsory level have a 

statistically significant correlation. The use of household head’s education level to 

represent the household overall education level may not be a good representative, 

which may explain the insignificant result of the group at the compulsory level. 

Overall, these results do not seem to go against the intuition that rich households and 
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highly educated people should have higher access to credit. This eases some concerns 

on the validity of using the constructed access to credit as a valid measure.  

While the analysis above, at a glance, uses a pooled OLS from 1997- 2000 data, 

a panel data is used for a more rigorous econometric analysis. Since several parts of 

sample are resurveyed at a different year, the panel data is unbalanced and eventually 

consist of about 800 households; about 50 percent of the panel data has a full 4 years 

of data, while about 35 percent are observations with 3 years of data. The remainder 

has 2 years of data. The total number of observations in the panel data is 

approximately 2,500, with about 800 households and an average time period of 3.2 

years.  

4.2 Measures of Diversification  

 Another variable of interest is the farming diversification measure. Like in 

finance, a combination of several types of agricultural output can be regarded as a 

portfolio of (farming) assets that can be diversified. Diversification is achieved when 

the volatility of the farming portfolio declines. Ideally, one would need to have 

information on agricultural prices in order to work out one’s own price variance and 

cross price covariance across different agricultural products as part of the portfolio 

volatility calculation. Unfortunately, price information is not readily available. Only 

income information (which is a product of price and output) and the amount of land 

used per farming activity are available. As such, a few alternative measures are used to 

proxy diversification. The alternative proxy is built upon two central concepts; the 

number of variety and the evenness across the variety. That is, more variety is 

assumed to be more diversified and more equality among the variety is also assumed 
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to indicate more diversification activity. This is a strong assumption but perhaps not 

unreasonable, since it is likely that farmers do not have deep knowledge of finance and 

economcis. They probably do not know the concept of diversification as a Wall Street 

investor would. Instead, they probably intuitively know that doing many jobs/activities 

spreads out their risks in terms of income source (the number of variety concept). Or, 

given multiple income sources, not relying heavily on one source is safer (the 

evenness concept). Thus, a less complicated concept like the number of variety and its 

evenness should be applicable to farmers and deemed sufficient to use as a proxy for 

diversification.    

Three measures are used and each captures a different dimensional concept. 

These are 1) the number of types of activity 2) an adjusted, normalized Theil index 

and 3) the Herfindahl–Hirschman Index (HHI). The first measure is straightforward as 

it directly measures the number of variety. The data set contains information on each 

household’s farming and non-farming activities. Farming activities include farming 

rice, corn, shrimp, fish, orchards, vegetables or other crops and keeping livestock. 

Examples of non-farming activities include running a noodle shop, hair salon, repair 

shop and many others. The number of activities is simply the total number of these 

activities. 

The second measure makes use of the Theil index and is given by the following 

expression: 

1

1
ln / Ln

N
i i

Theil
i

x x
T N

N µ µ
=

 
=  

 
∑  
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where μ is the mean of x and N is the total number of sample. In our context, xi can be 

a value of income from source i or the amount of land used for a type i activity. N is 

either the total number of income sources or the total number of land used for different 

activities. When xi is the same for every i, the index becomes zero (e.g. when income 

from every income source is equal).  When one x is positive while all other x’s are 

zero, the index becomes lnN which is the maximum value. Thus, dividing the Theil 

index by lnN will normalize the equation to range from zero to one. A high index 

value indicates specialization while a low index value indicates more variety and more 

evenness of x.  

The usual way to use the Theil index is to fix N for all observations. However, if 

one only cares about evenness, and not the number of variety and the data structure 

allows it, then one should adjust this index by allowing N to vary across observations. 

Let’s use N as the number of income sources as an example. Suppose there are 10 

possible income sources, but very few households actually have as high as ten income 

sources. If N is fixed as ten, households with few income sources will be heavily 

penalized as a lot of xi will be assigned as zero, which yields a large index value. This 

is because these households do not have enough variety of income sources. If, 

however, N varies depending on the number of income sources they actually receive, 

then the index can produce a low value even if N is as low as two as long as the 

income share is fairly even. Thus, if one wants to focus on the evenness, one should 

allow N to vary across observations. Note that when N = 1 (e.g. one income source), 

there is no comparison counterpart for evenness. As such, x1 = μ and the adjusted 

normalized Theil index will give a value of zero, which is misleading as it indicates 
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the highest level of diversification behaviors. Instead, this should be a full 

specialization, and hence the adjusted normalized Theil index is corrected by 

assigning value of one whenever N =1.  

The final measure is the Herfindahl–Hirschman Index (HHI), which takes into 

account both dimensions—the number of variety and its evenness. It is the sum of the 

squares of the share, 2

1

N

i
i

HHI s
=

=∑ . Again, the share s in this context is either the 

income share or the share of land used. A HHI value of one indicates a full 

specialization while a low value close to zero indicates a good degree of 

diversification. Note that to achieve a low HHI value, one would need both a good 

number of variety with a good degree of even share. The adjusted normalized Theil 

index will always produce a value of zero as long as the share is equal regardless of N, 

while the HHI will produce a high value even if the share is equal but N is small. 

These three measures of diversification, which capture different concepts, will 

be used as dependent variables for econometric estimation.  The adjusted, normalized 

Theil index and the HHI come in two varieties: one version is expressed by income 

and another by the amount of land area used. All of these measures are calculated by 

splitting sources of income into 8 categories: rice/corn farming, vegetable/orchard 

farming, livestock farming, shrimp/fish farming, wage/salary, remittance, 

business/trade and other sources. Land use by type(s) of activity is grouped into 6 

categories. They are: land for paddy, field crops, tree crops, vegetable crops, 

shrimp/fish raising and livestock.  
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4.3 Econometric Estimation      

Several estimations will be employed, including a pooled OLS, a fixed effect 

and a generalized method of moment (GMM). An instrumental variable (IV) approach 

will be used for the fixed effect and the GMM. In any case, all estimations are based 

on the model below with diversification measure as the independent variable, access to 

credit measure as the dependent variable of interest and various control variables.    

 

Yit
Diversification = αi +Timet + βXit

Credit access +Σγj other control variablesijt +εit 

 

Yit
Diversification      =  Diversification measure  

Xi
Credit access     =  Access to credit measure 

Other controls     = Various household characteristics 

αi       =  Household fixed effects (Village fixed effect if pooled OLS) 

Timet       =  Time fixed effect 

 

The access to credit measure with equal weighting (Index 1) will be used as the 

baseline case. Other variations will serve mainly as a robustness check. The three 

diversification measures are the number of activity, the adjusted normalized Thiel 

index and the HHI as described earlier. The control variables are gender, age and 

education level of the household head, size of the household, total land size, an 

indicator of farming as the primary occupation, an indicator of owning a non-farm 

business, log of average gross income, the number of existing loan and log of average 
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loan value.35 The model also includes household fixed effects (village fixed effect for 

pooled OLS) and time fixed effects to capture any time trends. 

The identification strategy is to attempt to make the access to credit measure 

exogenous by using the hypothetical question when saving is not an available option, 

controlling for relevant confounding factors and eventually using instrumental 

variables. Note that the possible factors that can influence the way people respond to 

the hypothetical 450 USD shock include the number of their relatives, their social 

status and social networks, which could be associated with their diversification 

behaviors. These factors form the basis of including household size, an indicator for 

owning other businesses or an indicator for having a farm as the main business as 

control variables. This is because they are likely to be associated with network and 

social status. In addition, the ability to borrow depends on the person’s reputed 

financial credibility or credit worthiness. It is reasonable to assume that age (as a 

proxy for experience), level of education, wealth and gender are associated with a 

person’s credit worthiness as well as his/her diversification behaviors. Therefore, these 

factors are included in the model36. Finally, the number of existing loans and average 

loan size are obvious confounding factors that are controlled for.   

Table 3.5 presents summary statistics of each variable. The statistics suggest that 

a lot of households do not diversify much. Both the adjusted normalized Theil index 

                                                 
35 Observations that have zero loan (hence zero average loan) are assigned a value of ln(0.001) 
36 The log of average gross income is used as proxy for wealth. The term’s average comes from the fact 
that the survey asks for each household’s current gross income and also for an approximate income 
during good and bad times. The average value is the average of income from good and bad times. 
Furthermore, this variable is a gross value, and not a per head value. This is intentional because the 
number of households has already been controlled for. Using income per head will lead to inconsistency 
when interpreting the marginal effect (i.e. it does not make sense to say marginal effect of one extra 
household since income per head will not be fixed as a constant)    
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Number of household = 806
Average number of period = 3.47 Overall Between Within
Diversification measure

No. of types of activity 2.48 1.26 0.97 0.81
Theil index (land) 0.69 0.36 0.29 0.23
Theil index (income) 0.36 0.26 0.17 0.20
HHI (land) 0.83 0.21 0.17 0.12
HHI (income) 0.56 0.20 0.14 0.14

Access to credit index
Index 1 2.96 0.75 0.46 0.60
Index 2 2.97 0.77 0.48 0.62
Index 3 2.95 0.79 0.49 0.64
Index 4 2.99 0.68 0.47 0.52

Education of household head (%)
Below compulsary level 0.20 0.40 0.38 0.13
At compulsary level 0.65 0.48 0.45 0.16
Above compulsary level 0.15 0.35 0.34 0.10

Household size (person) 4.74 1.84 1.67 0.82
Gender of household head (%)

Male 0.77 0.42 0.41 0.11
Female 0.23 0.42 0.41 0.11

Age of Household head 51.35 12.80 12.62 2.53
Total farming area (1 rai = 1,600 squared meter) 26.29 29.87 26.75 12.60
Farming as the primary occupation (%) 0.70 0.46 0.38 0.27
Own at least one non-farm business 0.21 0.41 0.36 0.21
No. of existing loans 1.36 1.26 1.01 0.77
ln(average loan) 4.27 9.53 7.67 5.91
ln(average net income) 10.89 1.63 1.14 1.19

Standard Deviation
Mean

and the HHI have a fairly high mean value, while the mean number of types of activity 

is less than 3. The mean access to credit score is a little below three, which suggests 

that most households receive credit by borrowing from non-financial institutions (see 

Tables 3.2 and 3.3). 

 

Table 3.5: Summary Statistic of Various Variables  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Table 3.5 also reports three different standard deviations –overall, between and 

within. As expected, the variations in age, gender, education, household size and the 



 

151 
 

total farming area is mostly attributable to the between aspect. In fact, if the head of 

the household remains unchanged overtime, there will be no within group variation for 

some of these variables (e.g. gender) and fixed effect estimation will not be able to 

recover these parameters. Other variables seem to have good variation both in terms of 

between and within deviation. 

In addition to these variables, instrumental variables are applied to the fixed 

effect model and in the GMM estimation. For an IV to be valid, it needs to satisfy two 

conditions: the instrument Z has to be correlated with the endogenous variable X (i.e. 

E(ZX) ≠ 0) and the instrument Z must be orthogonal to the error term ε (i.e. E(Zε) ≠ 0). 

Since the variable of concern is the access to credit index, one IV would be enough for 

identification. However, three IV candidates will be used: one IV for the just 

indentified case (fixed effect IV) and more than one IV for the GMM analysis (fixed 

effect GMM) in which a specification test can be conducted.  

The first IV makes use of information from the hypothetical question, which 

asks for the financial response to the smaller shock scale of 45 USD. The assumption 

is that sources of finance to pay for a very small monetary shock are independent from 

diversification behaviors. In addition, these sources of finance to pay for a small shock 

should be correlated with sources of finance for a large shock. As such, another credit 

index is constructed in the same fashion, described previously using the response to 

the smaller shock.  

The second possible IV is the use of information on membership status of both 

formal and informal financial institutions. The survey asks whether at least one 

member of the household is a member or a customer of such institutions. There are 14 
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institutions listed in the questionnaire. These include formal ones such as commercial 

banks, rice banks, banks for agriculture and the agriculture cooperative (BAAC), and 

informal ones such as the women’s group fund and the rotating savings and credit 

association (ROSCA). The assumption is that membership status would be correlated 

with the access to credit index, while the status should not be directly related to 

diversification behavior. Fourteen dummies are constructed as IVs to indicate the 

membership status for each institution. Alternatively, the total sum of memberships 

can also be used as an IV.  

The last IV candidate is to use the fourth constructed access to credit (credit 

access index 4) as an IV. Recall that the fourth index uses information from all three 

slots, which will surely correlate with the constructed access to credit index that uses 

responses from two slots. Nevertheless, the assumption that this IV is not directly 

correlated with diversification is questionable. As noted earlier, the hypothetical 

nature of the constructed access to credit index could lessen the endogeneity problem. 

Using the credit access index 4 as one of the IV along with at least one another with a 

specification test will give us some assurance on the validity of these IVs.     

While the estimation from a pooled OLS or a fixed effect model is 

straightforward, the fixed effect IV and the fixed effect GMM deserve some 

elaboration. The approach used in this chapter is to demean the variables, which 

eliminates any time invariant variables and applies the usual 2-step efficient GMM on 

these demeaned variables. When only one IV is used, the GMM estimate is equivalent 

to the fixed effect IV - an exact, unidentified case. More formally, the GMM estimate 
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can be described below as minimizing the weighted distance of the Euclidean length 

on the sample of moment condition. 

 

 

where                                                              and W is a weighting matrix. In 

particular, the efficient GMM uses the inverse of the estimated sample variance of 

moment condition as the weighing matrix W. This is done by first estimating θ2SLS by 

using the two stage least square estimation, and then by obtaining the estimated 

residual, which is used to calculate the inverse of the estimated sample variance of 

moment condition. For the case of over identification, a specification test can be 

applied to test whether the objective function (the weighted distance evaluated by the 

estimated parameters from the GMM) is close enough to zero. 

 In addition, standard errors are clustered at the village level for all pooled OLS 

regressions to allow diversification shocks to be correlated for households living 

within the same village. All standard errors for panel estimation on the other hand are 

clustered at the household level such that diversification shocks are correlated within 

the household across time. 

5. Results and Discussion. 

In this section, several estimations are compared. First, the discussion will center 

on results from the pooled OLS versus the fixed effect model, and then on the fixed 

effect versus various IV approaches. Since a high value of the adjusted normalized 

Theil index as well as the HHI means less diversification, the estimated coefficient of 

the credit access index should be positive if less access to credit leads to more 



 

154 
 

diversification (or equivalently, more access to credit leads to more specialization). On 

the other hand, the estimated coefficient of the credit access index on the number of 

activities should be negative if less access to credit leads to more variety of activities.   

5.1 Pooled OLS vs. Fixed Effect Model 

 

Table 3.6: Comparison between Pooled OLS vs. Fixed Effect 

 

 

 

 

 

 

 

 

 

 

As described earlier, a village fixed effect is used in the pooled OLS, which is 

inferior to the household fixed effect used in the fixed effect model. A village fixed 

effect only captures time invariant factors at the village level such as village 

infrastructure, village irrigation system, and village institution and culture, while the 

fixed effect model will take into account any time invariant factors at the household 

level, including household and geographic factors such as soil quality (given that the 

soil quality has not changed within the time of the sample). It is not surprising that a 

No control Full control No control Full control

No. of activity -0.04829 -0.02160 0.04809 0.04898*
(0.03644) (0.02879) (0.03167) (0.02554)

Theil index
Land -0.00970 -0.01083 -0.02802*** -0.02552***

(0.00910) (0.00905) (0.00885) (0.00884)
Income -0.00653 -0.00555 -0.00410 -0.00344

(0.00625) (0.00614) (0.0072) (0.0071)
HII

Land -0.00446 -0.00553 -0.01495*** -0.01365***
(0.00546) (0.00543) (0.00494) (0.00493)

Income -0.004244 -0.00503 -0.00411 -0.00372
(0.00521) (0.00515) (0.00536) (0.00519)

Figures in parentheses represent clustered standard errors with pooled OLS being cluestered at the 
village level while standard errors for all panel estimates are clustered at the household level.
*.**.*** denote 10%, 5% and 1% significance level, respectively.

Pooled OLS Fixed effect

Estimated coefficient on the credit index 1
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large difference in estimates between the pooled OLS and the fixed effect model is 

reported in Table 3.6. 

Table 3.6 presents the estimated coefficient of credit access index 1 on various 

diversification measures. For each estimate, it also reports the results with and without 

any of the control regressors (no control Vs full control column)37. For full, detailed 

estimates of the control variables, see Appendix 3, Table 3.A. The similarity of results 

between the no-control case and the full-control case is striking. Moreover, these 

similar results occur across all types of diversification measures and within the class of 

estimator, except for the number of activities from the pooled OLS. One may argue 

that a lot of the control variables in the fixed effect model are not statistically 

significant38 (see Appendix 3, Table 3.B) as if the model includes irrelevant 

regressors, thereby causing the similarity between the no-control and full-control 

cases. The argument is however false, since data variation influences precision (i.e. 

standard error), while correlation influences the consistency of the point estimate. 

Furthermore, the pooled OLS, which only uses the between variation, also yielded 

similar estimates among the two cases. This strongly suggests that observable 

characteristics such as age, gender and household size that the model controls for are 

unlikely or at least not highly correlated with the credit access index.  

The time-invariant, unobservable factors, on the other hand, are likely to be 

correlated with the credit access index. This is evidenced by a large discrepancy in the 

results of the pooled OLS compared to those of the fixed effect model. While all of the 

                                                 
37 Only village fixed effects were applied to the no control case of the pooled OLS.   
38 This is partly due to a low within variation among many variables (see Table 3.5) and fixed effect 
model only makes use of within variation. 
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pooled OLS estimates are not statistically significant, some estimates from the fixed 

effect model do exhibit statistically significant results. Looking at the full control 

column from the fixed effect estimate, these results support the financial constraint 

argument, not the ex-ante risk management argument. It suggests that better access to 

credit would lead to a higher number of activities and a lower Theil index (land) as 

well as a lower HHI (land), both of which suggest more diversification from higher 

access to credit. Nevertheless, if taking care of the time-invariant, unobservable 

factors solves a large part of the endogeneity problem, one would expect to see 

similarities between the fixed effect and the IV approaches. This issue will be 

examined in the next section. 

5.2 Fixed Effect Model vs. Fixed Effect IV and Fixed Effect GMM   

 One problem with the IV approach is that it is hard to find a valid IV and 

specification test can only be done when the model is overidentified. To compare an 

IV approach with a fixed model, one has to make sure that the IVs are valid – i.e. they 

need to pass the first-stage test and the overidentification test. Although this rules out 

the case of the fixed effect IV (exact identification case) as it is not testable, the results 

will still be reported for comparison.  Table 3.7 reports the results of two fixed effect 

models, one fixed effect IV and three fixed effect GMMs. 
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Table 3.7: Comparison of Fixed Effect Model, Fixed Effect IV and Fixed Effect GMM 

 

 

 

 

 

 

 

 

Fixed effect (1) and (2) are estimated coefficients of credit access index 1 and 4, 

respectively. The access to credit index constructed from the smaller hypothetical 

shock is used as an IV for the fixed effect IV estimation. Therein, this IV will be 

called ‘credit access IV.’ As for the three fixed effect GMMs, the first uses two IVs - 

the credit access IV and the total number of memberships. The second uses fourteen 

IVs, which are the fourteen dummy variables for membership status. The third also 

uses two IVs - the credit access IV and credit access index 4. Without looking at any 

specification tests, the GMM (2) is in favor if one does not believe in the use of 

hypothetical questions in the survey. All IVs in GMM (3), on the other hand, are 

constructed from hypothetical questions. The GMM (1) is the compromised case, with 

one IV constructed from the hypothetical question and one from membership status 

information. For these three GMM estimates, Table 3.8 reports the p-value of the first 

stage test using the F-statistic and the overidentification test using the Hansen J-

statistic. (Details of all first stage estimations are given in Appendix 3, Table 3.C.) 

Fixed effect (1) Fixed effect (2) Fixed effect IV GMM (1) GMM (2) GMM (3)

No. of activity 0.04898*  0.0897*** -0.10890 -0.04124  0.19458  0.10592***
(0.02557) (0.03171) (0.12935) (0.12634) (0.34668) (0.03691)

Theil index
Land -0.02552*** -0.03714*** -0.03393 -0.03987 -0.30856** -0.04422***

(0.00884) (0.01026) (0.04124) (0.04088) (0.13104) (0.01227)
Income -0.00344  0.00180  0.02524  0.02094  0.05956  0.00028

(0.0071) (0.00852) (0.03362) (0.03321) (0.0935) (0.01009)
HII

Land -0.0136*** -0.02046*** -0.01572 -0.01742 -0.13543** -0.02315***
(0.00493) (0.00590) (0.02262) (0.02251) (0.06890) (0.00705)

Income -0.00372 -0.00006  0.01817  0.01807  0.01256 -0.00179
(0.00519) (0.00635) (0.02483) (0.02454) (0.06490) (0.00744)

Figures in parentheses represent clustered standard errors at the household level.
*.**.*** denote 10%, 5% and 1% significance level, respectively.

Estimated coefficient on the credit index 1 except fixed effect (2) which is on credit index 4
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Table 3.8: First Stage Test and Overidentification Test on the GMM Estimates 

 

 

 

 

 

 

 

 

Recall that if the fixed effect has already taken care of most of the endogeneity 

problem, and if the IVs used are valid, both methods should yield similar results. Out 

of the three GMM estimates, only GMM (3) passes all the tests for all diversification 

measures. The GMM (1) passes the first-stage test but fails one out of five in the 

overidentification test. The GMM (2) faces a weak instrument problem as it fails the 

first-stage test while passing all of the overidentification tests. Note that the result of 

GMM (2), as shown in Table 3.7, shows clear evidence of the weak instrument 

problem, as estimated coefficients become very large compared to other GMM 

estimates. All in all, GMM (3) is the appropriate model to compare with the fixed 

effect model. 

Looking at Table 3.7, estimates from the GMM (3) yields a similar pattern to the 

fixed effect (1) in terms of sign and statistical significance, but often with greater 

magnitude. One possible reason is that in GMM (3), a large part of the variation in 

credit access index 1 is driven by an IV stemming from credit access index 4. As such, 

GMM (1) GMM (2) GMM (3)
IV variables Credit access IV Credit access IV

Total no. of membership Credit access index 4

0.0000 0.4869F 0.0000

No. of activity 0.0074F 0.7861 0.1101
Theil index

Land 0.2902 0.9569 0.8628
Income 0.4044 0.2136 0.1044

HII
Land 0.4520 0.7983 0.6384
Income 0.9797 0.4909 0.1255

The F superscript indicates a p-value that fails the test at least at the 10% significance level.

Overidentification test (p-value)

F-test on first stage (p-value)

14 dummies on 
membership status
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it would make more sense to compare the results of GMM (3) with those of the fixed 

effect model, which uses credit access index 4 as a regressor. Indeed, as shown in 

Table 3.7, estimates of GMM (3) and fixed effect (2) are similar. Again, these results 

show no evidence in support of the ex-ante risk management argument. Instead, it 

points toward the financial constraint argument - that financial constraints are a 

hindrance on diversification. Thus, those without access to credit suffer doubly - less 

tools for ex-post risk management and less options for ex-ante risk management. The 

evidence supporting the financial constraint argument is more notable in land 

diversification (non-significant estimates on the income measure of diversification). 

This seems to indicate that diversifying land use for different agricultural products is 

more costly (e.g. it may require a large fixed cost or investment) than income 

diversification. 

5.3 Robustness Check 

Several estimations are conducted for a robustness check. These include using 

different versions of the credit access index, estimation of non-farmer samples, 

subsample estimates of land and net income per head as well as estimation using non-

linear models such as IV Probit and IV Tobit.  

5.3.1 Other Version of Credit Access Index and Non-Farmer Samples  

The central finding of these results does not change when one uses credit access 

index 2 or 3 instead of credit access index 1. Appendix 3, Table 3.D shows full details 

of the GMM (3) estimates on all variables. It also contains GMM (3) estimates using 

credit access index 2 and 3 as a robustness check. On this note, credit access index 2 

does fail one overidentification test while credit access index 3 passes all the tests. In 
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addition, the same analysis is applied to non-farmer samples but none is statistically 

significant. This loss in precision is partly due to a large reduction in sample size as 

most of the households in rural areas are farmers. Further, using a non-farmer sample 

eliminates the Theil index and HHI, which are associated with farming (i.e. no land 

version for the non-farmer sample).  Nevertheless, the estimates summary for non-

farmers is given in Appendix 3, Table 3.E. 

5.3.2 Subsample Estimation and the Non-Linear Model 

The Table 3.F in Appendix 3 reports estimates of the GMM (3) model using the 

subsample from splitting the sample into two equal quantiles
39

 - one version by land 

and another by net income per head. The first quantile represents a smaller farm size 

or a less wealthy household relative to the second quantile. As shown in Appendix 3, 

Table 3.F, all estimates are consistent with the full sample – the financial constraint 

argument dominates the ex-ante risk management argument when the number of types 

and the land version of the Theil index and HHI are used as diversification measures. 

This is true both by land size and by net income size. The financial constraint impact 

on diversification, however, seems to be greater for a smaller farm size while a mixed 

pattern is found when the sample is split by the size of net income per head. 

Lastly, various non-linear estimations are employed to compare against the 

linear model. The marginal effect at the mean of these estimates is reported in 

Appendix 3, Table 3.G. Estimations include pooled IV Probit, pooled IV Tobit, 

random effect Tobit and pooled IV (linear). Two varieties of binary variables are used 

                                                 
39 Having more than two quantiles exhibit unstable results possibly due to a smaller sample size in each 
quantile  
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for the pooled IV Probit: (1) the number of types in which the dependent variable 

equals one if the number of type is more than one, and (2) the HHI by land in which 

the dependent variable equals one if the HHI is less than one and zero otherwise. In 

this binary sense, the HHI and the adjusted normalized Theil index by land are 

identical. One can also apply a variety of Tobit estimations in which the data for 

dependent variables is right censored at the value of one, which is the maximum value 

of the normalized Theil index and the HHI (i.e. full specialization). Note that about 40 

percent of the data fall into this full specialization category. For the pooled IV Tobit 

and random effect Tobit, only the land version of the HHI and the Theil index is used. 

This is because only 3 percent of the data exhibit full specialization when the income 

version is used, which is almost akin to using uncensored data.  

As shown by the Table 3.G in Appendix 3, all estimates from the pooled IV 

Probit are not statistically significant. Estimates from the Tobit model are, however, 

consistent with the main findings in the previous section - inceased access to credit 

leads to more diversification in support of the financial constraint argument. This is 

true in both the pooled IV Tobit and the random effect Tobit with the latter having 

greater precision due to its greater efficiency property. The linear version of the 

pooled IV estimates is also reported which gives a very similar result compares to the 

non-linear model. All in all, these estimates do reassure the soundness and robustness 

of the main results.    
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6. Conclusion.  

 This chapter provides empirical evidence on the linkage between access to 

credit and diversification behaviors of farmers in Thailand’s rural areas. Having good 

access to credit facilitates ex-post risk management as households can borrow in bad 

times. Households without such privileges rely more on ex-ante risk management by 

diversifying their sources of income. Therefore, one might expect to see households 

diversify more when financial markets are not accessible. On the other hand, if 

diversification requires lumpy investments, households with financial constraints  

would not be able to diversify. Thus, more diversification may only be associated with 

more access to credit. The net effect of access to credit on diversification is unclear.   

 Previous literature that examines the impact of access to credit on various 

economic outcomes face many challenges in removing endogeneity from access to 

credit measurements. Even a perfect, randomized trial experiment as conducted by 

several studies on microfinance may not be useful if one wants to examine the effect 

of permanent access to credit. This is because these experiments assign treatment 

effects based on temporary access to credit as opposed to a permanent one, which is 

often the interest of policy makers. To overcome these challenges, a unique access to 

credit index when the use of savings is not available is constructed from a series of 

hypothetical questions in the Townsend Thai Project Initial Household Survey. Two 

advantages are derived from using this approach. First, there is less selection bias as 

opposed to using past borrowing data, since everyone gets assigned a credit access 

index derived from hypothetical questions. Second, these hypothetical questions 
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impose the same amount of monetary shock to everyone and its hypothetical nature 

should make it less endogenous. 

 Indeed, the fact that estimates with and without control variables yield similar 

results should ease some concerns regarding endogeneity. IVs constructed by 

hypothetical questions, which pass the specification tests, do confirm that these access 

to credit measures seem to have less endogeniety. Based on these constructed access 

to credit measures, the main findings of the chapter is as follows. Conditioning on 

various household characteristics, there is no evidence that less access to credit leads 

to more diversification in farming activities. Estimates are either insignificant or 

provide significant evidence that more access to credit is associated with more 

diversification. These results are also robust against several alternated estimations, 

including subsample estimation and non-linear estimation. This suggests that 

diversification in farming activities is costly, which makes it easier for households 

with better credit access to diversify. These findings provide some insight on the 

functioning of financial markets in terms of risk coping strategies. Not only do 

financial markets facilitate households’ ex-post risk management, not having them 

will limit the option of ex-ante risk management due to the costly nature of 

diversification. Not to mention the benefit of investment opportunity from having 

access to financial markets, in terms of risk management, a poor household in 

particular is out of luck. They will find it hard to manage their risks when financial 

markets are not accessible. This raises a policy question of how to help such 

households manage their risks. Whether to increase credit access overall or to tackle 
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the cost of diversification directly would require other avenues of inquiry, research 

and analysis. 
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Land Income Land Income

Credit access index -0.0216 -0.01083 -0.00555 -0.00553 -0.00503
(0.02879) (0.00905) (0.00614) (0.00543) (0.00515)

Education of household head
At compulsary level  0.02754  0.01329 -0.01412  0.00217 -0.01781

(0.07493) (0.02158) (0.01420) (0.01293) (0.01090)
Above compulsary level  0.12667  0.00134 -0.00301 -0.00077 -0.01064

(0.10579) (0.03075) (0.01927) (0.01835) (0.01651)
Household size  0.03379** -0.01079* 0.00391 -0.00816** 0.00104

(0.01561) (0.00582) (0.00345) (0.00349) (0.00311)
Male  0.18177** -0.03907* -0.02060 -0.01791 -0.02128*

(0.07884) (0.02011) (0.01411) (0.01253) (0.01093)
Age of household head  0.00763** -0.00052 -0.00037 -0.00045 -0.00151***

(0.00307) (0.00080) (0.00051) (0.00043) (0.00045)
Total farming area  0.00654*** -0.00115**  0.00066*** -0.00082***  0.00030*

(0.00174) (0.00045) (0.00019) (0.00029) (0.00015)
Farming as the primary occupation  0.28094*** -0.07031*** -0.03498** -0.04012*** -0.03689***

(0.06352) (0.01872) (0.01444) (0.01131) (0.01079)
No. of existing loan  0.04863**  0.00333  0.00311 0.00320 -0.00200

(0.02212) (0.00758) (0.00492) (0.00400) (0.00375)
Own at least one non-farm business  1.33454*** -0.02359 -0.01046 -0.01530 -0.04264***

(0.06104) (0.02055) (0.01247) (0.01219) (0.01067)
ln(net average income)  0.03728** -0.00227  0.00908** -0.00236  0.00204

(0.01645) (0.00618) (0.00441) (0.00398) (0.00315)
ln(average loan value)  0.00782*** -0.00256** -0.00037 -0.00164*** -0.00062

(0.00256) (0.00098) (0.00072) (0.00058) (0.00055)
Constant  0.16753  0.99608***  0.29592***  1.04757***  0.69955***

(0.29881) (0.08318) (0.05732) (0.05507) (0.03933)
No. of observation 3,849 2,591 2,591 2,591 2,591
All estimates include time fixed effects and village fixed effects. 
Figures in parentheses represent clustered standard errors at the village level (64 clusters).
*,**,*** denote 1%, 5% and 10% significance level respectively.

HHI
Pooled OLS No. of types

Theil index

APPENDIX 3:  

ADDITIONAL ESTIMATES AND RESULTS 

 
Table 3.A: Estimates of Pooled OLS 
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Table 3.B: Estimates of Fixed Effect 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Land Income Land Income

Credit access index 0.04898* -0.02552*** -0.00344 -0.0136*** -0.00372
(0.02554) (0.00884) (0.0071) (0.00493) (0.00519)

Education of household head
At compulsary level 0.16178 -0.02928 0.00576 -0.01528 0.00165

(0.14087) (0.0462) (0.03871) (0.02775) (0.02596)
Above compulsary level 0.42985* -0.01519 0.04905 -0.02582 0.03549

(0.23559) (0.08965) (0.05968) (0.04731) (0.04615)
Household size 0.01823 -0.00648 0.01269** -0.00335 0.01074**

(0.02286) (0.00652) (0.00564) (0.00344) (0.00430)
Male 0.09418 -0.0030 -0.05237 -0.01786 -0.05911**

(0.19282) (0.04135) (0.03863) (0.02598) (0.02730)
Age of household head 0.00789 -0.00197 0.00274 -0.000870.00029

(0.00789) (0.00238) (0.00219) (0.00123) (0.00186)
Total farming area 0.00735*** -0.0018*** 0.00056 -0.00143*** 0.00008

(0.00225) (0.00056) (0.0003) (0.00037) (0.00024)
Farming as the primary occupation 0.01640 -0.03169 -0.04418*** -0.01429 -0.03223**

(0.06329) (0.02117) (0.01667) (0.01171) (0.01320)
No. of existing loan 0.06435*** 0.00050 0.00519 0.00313 -0.00033

(0.02467) (0.00708) (0.00673) (0.00381) (0.00499)
Own at least one non-farm business 1.30910*** -0.04170 -0.00876 -0.02708** -0.05834

(0.09238) (0.02584) (0.02128) (0.01370) (0.01555)
ln(net average income) 0.01946 0.00353 0.00408 0.00194 -0.00122

(0.01242) (0.00486) (0.00437) (0.00254) (0.00314)
ln(average loan value) 0.00544* 0.00009 -0.00068 -0.00045 -0.00047

(0.00321) (0.00100) (0.00079) (0.00055) (0.00059)
Constant 0.29341 1.01943*** 0.16006 1.03371*** 0.60956***

(0.48249) (0.14768) (0.12461) (0.07992) (0.0993)
No. of observation

N 806 806 804 806 806
N*T 2,591 2,591 2,429 2,591 2,591

All estimates include time fixed effects and houhsehold fixed effects. Figures in parentheses represent clustered
 standard errors at the household level. 
 *,**,*** denote 1%, 5% and 10% significance level respectively.

HHI
Fixed effect model No. of types

Theil index
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Dependent variable:
Credit access index 1 GMM (1) GMM(2) GMM (3)
Credit index IV  0.2886***  0.11941***

(0.03585) (0.02193)
Total membership -0.01244

(0.02225)
Rice Bank  0.04182

(0.11263)
Buffaflo Bank  -0.06776

(0.41961)
Production Saving Group  0.04489

(0.08444)
BAAC  0.01109

(0.06962)
BAAC Group  0.05823

(0.08408)
Agricultural Cooperative -0.01988

(0.09674)
Women's Group  0.02912

(0.08129)
Emergency Fund -0.30242**

(0.12388)
Health Fund -0.03496

(0.10752)
Comercial Bank  0.13295*

(0.07932)
Government Saving Bank  0.05496

(0.14297)
Insurance Company -0.03782

(0.08375)
Monery lender -0.07698

(0.08158)
ROSCA -0.14647

(0.19461)
Credit access index 4 0.86533***

(0.01807)
F-Test (p-value) 0.0000 0.4869 0.0000
 Note (1) All first stage estimates include other control variables as well

(2) BAAC stands for Bank for Agriculture and Agricultural Cooperatives
(3) ROSCA stands for Roataing Savings and Credit Association

First stage estimation

Table 3.C: First Stage Estimates 
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Table 3.D: GMM (3) Estimates for Credit Access Index 1, 2 and 3 

 

i) Credit Access Index 1 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

GMM (3)
(Credit index 1) Land Income Land Income

Credit access index 1 0.10592***-0.04422*** 0.00028 -0.02315*** -0.00179
(0.03691) (0.01227) (0.01009) (0.00705) (0.00744)

Education of household head
At compulsary level 0.14553 -0.03286 0.02618 -0.01481 0.01868

(0.16099) (0.0562) (0.03902) (0.03316) (0.02488)
Above compulsary level 0.36575 -0.02514 0.09854* -0.02980 0.06864

(0.26223) (0.0986) (0.05671) (0.05248) (0.04522)
Household size 0.01197 -0.00602 0.01422** -0.00340 0.01228***

(0.02375) (0.00715) (0.00586) (0.00378) (0.00438)
Male 0.19178 -0.00655 -0.0673* -0.01869 -0.07272***

(0.21003) (0.0441) (0.03930) (0.02714) (0.02607)
Age of household head 0.00652 -0.00084 0.00303 0.00001 0.00064

(0.00731) (0.00269) (0.00230) (0.00139) (0.001963)
Total farming area 0.00634*** -0.00175*** 0.00060 -0.00138*** 0.00007

(0.00226) (0.00058) (0.00039) (0.00039) (0.00025)
Farming as the primary occupation 0.01019 -0.03159-0.05203*** -0.01356 -0.03411**

(0.06608) (0.02280) (0.01710) (0.01267) (0.01359)
No. of existing loan 0.05635** 0.00825 0.00140 0.00764* -0.00016

(0.02767) (0.00769) (0.00735) (0.00414) (0.00551)
Own at least one non-farm business 1.28558*** -0.04983* -0.00442 -0.02944* -0.05255***

(0.09739) (0.02811) (0.02364) (0.01503) (0.01702)
ln(net average income) 0.02744* 0.00695 0.00589 0.00363 -0.00130

(0.01643) (0.00571) (0.00537) (0.00308) (0.00382)
ln(average loan value) 0.00559 -0.00031 -0.00053 -0.00063 -0.00044

(0.00342) (0.00101) (0.00084) (0.00056) (0.00065)
No. of obseervation

N 737 737 737 737 737
N*T 2,286 2,286 2,286 2,286 2,286

Overidentification test (p-value) 0.1101 0.8628 0.1044 0.6384 0.1255
All estimates include time fixed effects and household fixed effects.
Figures in parentheses represent clustered standard errors at the household level.  
*,**,*** denote 1%, 5% and 10% significance level, respectively.

No. of types
Theil index HHI
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Table 3.D (Continued) 

ii) Credit Access Index 2 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

GMM (3)
(Credit index 2) Land Income Land Income

Credit access index 2 0.10688***-0.04559*** 0.00094 -0.02377*** -0.00140
(0.03813) (0.01273) (0.01040) (0.00731) (0.00767)

Education of household head
At compulsary level 0.14699 -0.03300 0.02634 -0.0150 0.01875

(0.16150) (0.05623) (0.03904) (0.0332) (0.02490)
Above compulsary level 0.35835 -0.02140 0.09889* -0.02816 0.06897

(0.26374) (0.09889) (0.05664) (0.05270) (0.04517)
Household size 0.01073 -0.00551 0.01418** -0.00313 0.01229***

(0.0237) (0.00712) (0.00587) (0.0037) (0.00439)
Male 0.18376 -0.00322 -0.06718* -0.01671 -0.07247***

(0.21022) (0.04390) (0.03924) (0.02715) (0.02604)
Age of household head 0.00637 -0.00077 0.00302 0.00004 0.00064

(0.00744) (0.00271) (0.00230) (0.00141) (0.00196)
Total farming area 0.00644*** -0.00177*** 0.00060 -0.00139*** 0.00007

(0.00227) (0.00059) (0.00039) (0.00039) (0.00025)
Farming as the primary occupation 0.00824 -0.03092-0.05206*** -0.01317 -0.03409**

(0.06614) (0.02282) (0.01710) (0.01268) (0.01359)
No. of existing loan 0.05620** 0.00845 0.00140 0.00773* -0.00014

(0.02792) (0.00771) (0.00735) (0.00415) (0.00551)
Own at least one non-farm business 1.28591*** -0.05040* -0.00433 -0.02970** -0.05249***

(0.09754) (0.02803) (0.02364) (0.01500) (0.01702)
ln(net average income) 0.02755* 0.00690 0.00592 0.00363 -0.00128

(0.01629) (0.00565) (0.00537) (0.00305) (0.00382)
ln(average loan value) 0.00543 -0.00026 -0.00053 -0.00061 -0.00044

(0.00343) (0.00100) (0.00084) (0.00056) (0.00065)
No. of obseervation

N 737 737 737 737 737
N*T 2,286 2,286 2,286 2,286 2,286

Overidentification test (p-value) 0.0797 0.7565 0.1048 0.5475 0.1236
All estimates include time fixed effects and household fixed effects.
Figures in parentheses represent clustered standard errors at the household level.  
*,**,*** denote 1%, 5% and 10% significance level, respectively.

No. of types
Theil index HHI
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Table 3.D (Continued) 

iii) Credit Access Index 3 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

GMM (3)
(Credit index 3) Land Income Land Income

Credit access index 3 0.10463***-0.04282*** -0.0002 -0.02249*** -0.00213
(0.03575) (0.01184) (0.00979) (0.00681) (0.00720)

Education of household head
At compulsary level 0.14409 -0.03274 0.02604 -0.01460 0.01863

(0.16062) (0.05623) (0.03900) (0.03312) (0.02485)
Above compulsary level 0.37278 -0.02871 0.09815* -0.0314 0.06830

(0.26094) (0.09844) (0.05677) (0.05233) (0.0452)
Household size 0.01316 -0.00650 0.01424** -0.00365 0.01226***

(0.02373) (0.00720) (0.00585) (0.00379) (0.00437)
Male 0.19951 -0.00962 -0.06754* -0.02053 -0.07302***

(0.20995) (0.04436) (0.03938) (0.02717) (0.02612)
Age of household head 0.00668 -0.00092 0.00303 -0.000020.00064

(0.00719) (0.00268) (0.00230) (0.00137) (0.00196)
Total farming area 0.00625*** -0.00173*** 0.00060 -0.00137*** 0.000077

(0.00226) (0.00058) (0.00039) (0.00039) (0.00025)
Farming as the primary occupation 0.01212 -0.03224-0.05202*** -0.01393 -0.03415**

(0.06610) (0.02281) (0.01710) (0.01267) (0.01359)
No. of existing loan 0.05653** 0.00805 0.001394 0.00756* -0.00018

(0.02745) (0.0076) (0.00735) (0.00413) (0.00552)
Own at least one non-farm business 1.28510*** -0.04930* -0.00449 -0.02919* -0.05260***

(0.09733) (0.02823) (0.02364) (0.01509) (0.01703)
ln(net average income) 0.02734* 0.00699 0.00587 0.00363 -0.00131

(0.01658) (0.00577) (0.00537) (0.00310) (0.00382)
ln(average loan value) 0.00573* -0.00036 -0.00053 -0.00065 -0.0004

(0.00341) (0.00102) (0.00084) (0.00056) (0.00065)
No. of obseervation

N 737 737 737 737 737
N*T 2,286 2,286 2,286 2,286 2,286

Overidentification test (p-value) 0.1195 0.9651 0.1044 0.7300 0.1279
All estimates include time fixed effects and household fixed effects.
Figures in parentheses represent clustered standard errors at the household level. 
*,**,*** denote 1%, 5% and 10% significance level, respectively.

No. of types
Theil index HHI
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Table 3.E: Estimation Summaries for Non-Farmer Sample 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Non-farmer sample Pooled OLS Fixed effect Fixed effect IV GMM

No. of activity -0.06555  0.03593 -0.48315 -0.03162
(0.0643) (0.07593) (0.32073) (0.10795)

Theil index (income)  0.01037  0.00236 -0.01639  0.00177
(0.01396) (0.01715) (0.08864) (0.02222)

HHI (income)  0.01307  0.00484  0.00457  0.00803
(0.01163) (0.01419) (0.06212) (0.01882)

Number of observation
N 564 251 176 171
N*T - 564 472 448

Figures in parentheses represent clustered standard errors with pooled OLS being cluestered at the village level while 
standard errors for all panel estimates are clustered at the household level.
Credit index iv is used for the fixed effect IV while credit index IV and credit index 4 are used for the GMM estimates.
All GMM estimates pass first stage test and overidentification test.
*.**.*** denote 10%, 5% and 1% significance level, respectively.

Estimated coefficient on the credit index 1
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Table 3.F: Subsample Estimates for GMM(3) by Land and by Net Income Per Head 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

GMM (3) No. of Type Land All Income Land All Income
Land

1st quantile  0.18827*** -0.06586***  0.00051 -0.0355*** -0.00612
(0.05390) (0.01811) (0.01604 ) (0.00995) (0.01127 )

2nd quantile  0.08741 -0.02877*  0.01307 -0.01632*  0.00743
(0.05417) (0.01604 ) (0.01465 ) (0.00964) (0.01104)

Net income per head
1st quantile  0.10331** -0.03445** -0.01213 -0.01500 -0.01175

(0.05163) (0.01708) (0.01756) (0.00961) (0.01253)
2nd quantile  0.1111 -0.06466***  0.01242 -0.04008***  0.00555

(0.06875) (0.02000 ) (0.01488 ) (0.01216 ) (0.01168)
All estimates include time fixed effects and houhsehold fixed effects.
Figures in parentheses represent clustered standard errors at the household level 
All estimates pass the first stage test and the overidentification test.
*,**,*** denote 1%, 5% and 10% significance level respectively.

Theil HHI

Estimated coefficient on credit access index 1
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Pooled IV Probit Pooled IV Tobit Pooled IV (linear) Random effect Tobit

Binary model
No. of type -0.00231  0.00158

(0.01484) (0.01475)
HHI (land)  0.02807  0.01745

(0.02262) (0.01675)
Non-binary model

HHI (land) 
E(y|x) -0.0129* -0.01168* -0.01280*

(0.00764) (0.00698) (0.00667)
E(y|x,y<1) -0.0091* -0.00903**

(0.00538) (0.00438)
Theil (land)

E(y|x) -0.02401* -0.02208* -0.0225**
(0.01412) (0.01193) (0.01014)

E(y|x,y<1) -0.01687* -0.01585**
(0.00992) (0.00689)

Marginal effect at the mean of credit access index 1 for non linear models while the  pooled IV represent marginal effect from a linear model
Figures in parentheses represent  standard errors using delta method for non-linear model and clustered standard errors at the village level for 
the linear model.  All estimates include time fixed effects and village  fixed effects.
*,**,*** denote 1%, 5% and 10% significance level respectively.

 
Table 3.G: Estimation of Several Non-Linear Models 
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CHAPTER 5 

FINAL THOUGHTS ON FUTURE WORK 
 

As mentioned in the introductory chapter, this dissertation is intended to offer 

several case studies on the impact of various environmental changes on economic 

agents’ behavior. It is done using many alternative econometric techniques as a tool 

for collective assessment. These changes in the environment are special in a sense that 

some are drastic and unprecedented, some are related to rare events and some are 

difficult to obtain unbiased estimates for. Nevertheless, many estimation techniques 

are applied and the results are interpreted conservatively.  In some chapters, the 

average of several estimates is taken as a benchmark of the main result. In other 

chapters, alternative estimates are taken as soundness and robustness checks. To 

conclude, this chapter will summarize and provide some final thoughts on possible 

future work.   

One lesson learnt from Chapter 2 is that drastic changes in policy, if not properly 

enforced, can lead to a massive incompliance response. This is likely to be true for 

developing countries where legal institutions and monitoring systems seem inadequate 

in ensuring compliance. The analysis in Chapter 2 shows that the effective rate of the 

increase in the minimum wage is only about 30 percent of its original, intended 

amount in both phases.  Policy makers in such an environment need to be aware of 

how far they can stretch and implement such policies. It is useless to enforce an 

ambitious policy if no one complies. On the other hand, a small change in policy albeit 

with full compliance may not be good enough in terms of fulfilling the policy impact. 
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If there is a correlation between the magnitude of a change in policy and the 

compliance rate, there should exist an optimal solution. This is one future avenue of 

inquiry. Eventually, a policy maker would want to implement a policy that is feasible 

and most effective in light of their policy objectives.  

Note that the correlation between the magnitude of a policy change and the 

compliance rate may not always be positive nor linear. It could be the case that with a 

very small policy change, economic agents may neglect or not comply with the policy 

if the penalty is not large enough to shift their incentive. Thus, the outcome depends 

on the underlying model and assumptions, which need to be tested empirically. 

In addition, there is another set of techniques that can be applied to the analysis 

in Chapter 2 – spatial econometrics. This technique would allow for shocks to wage 

growth to be correlated among groups of workers by a distance measure. 

Unfortunately, this distance measure is subjective and different distance measures can 

yield different results. One example is to use the distance to minimum wage as a 

distance measure. Another is to use a combination of factors such as a geographical 

measure and the distance to minimum wage as a weighted mix of distance measure. 

This type of estimation would be a good addition to the analysis in Chapter 2. One 

could again take the average of different estimates from different distance measures as 

a benchmark of the main result.  

The analysis in Chapter 3 provides significant evidence that the Passenger 

Protection Rule reduced tarmac delay in exchange for longer gate delays. In one sense, 

the rule that imposes a heavy penalty on a rare event (tarmac delay for more than three 

hours) encourages airlines to internalize their negative externalities. An airline can 
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induce a negative externality to other airlines by leaving the gate as fast as they can. It 

is in their incentives to do so as it minimizes the costs of gate delay. However, this 

behavior comes at an expense of heavy traffic on the runway, which causes longer 

delays on the tarmac to all airlines. Viewed in this way, the Passenger Protection Rule 

seems successful in correcting the negative externality. Nevertheless, the total delay 

does increase after the rule, which raises the question of whether this is a net gain or 

net loss to passenger welfare. This is one area for future research. 

Welfare analysis on the effect of Passenger Protection Rule is complex and 

subjective. Nobody can pinpoint exactly the utility loss from increased gate delay and 

the utility gained from decreased tarmac delay without making a subjective 

assumption on the relative importance of the two types of delays. Moreover, the result 

in Chapter 3 implies that airlines do respond in a play safe manner, in order to avoid 

the heavy fines despite the event’s rarity. This suggests some degree of relationship 

between the size of the fine and the playing safe behavior, which is the driving 

mechanism behind both gate delay and tarmac delay. For instance, an even larger 

penalty would cause airlines to be even more cautious, which will lead to increased 

gate delay while reductions in tarmac delay could be somewhat sluggish. This is 

because there is a limit to reducing tarmac delay: a plane needs to taxi for takeoff. As 

a result, total delays may increase further, which would decrease passenger welfare. 

Thus, there should exist an optimal fine that is a compromise between the two types of 

delay. Essentially, the objective of the regulator is to maximize passenger welfare. A 

model in which the planner set fines to maximize welfare from a weighted sum of gate 

delay and tarmac delay should be explored. Additionally, in order to make the analysis 
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of the Passenger Protection Rule more complete, the impact on the arriving flights 

should also be explored as well.  

Lastly, Chapter 4 provides some insight on how important access to credit is to a 

household’s risk management strategy. Not having access to credit limits households’ 

risk management twofold, with both the ex-post and ex-ante strategies. This is because 

diversification is costly. There are a few aspects that would make the analysis in this 

chapter more complete. First, the measurement of diversification can be improved. 

The current analysis uses the concept of variety and evenness as a diversification 

measure. A more rigorous approach is to use the diversification concept in finance. 

For this, one would need price data on agricultural output for each household to 

calculate the own price and cross price correlation among output mixes. The only 

problem with this is that it is hard to find a sufficiently large data set with such 

information.  

Second, the scope of the analysis in Chapter 4 is limited to farmers in rural 

Thailand. It would be interesting to extend the study’s scope to non-farmers or to more 

urban households with rigorous analysis. This is one area for a possible future work, 

which would provide a deeper understanding of the role of access to credit to 

households in general. 

Third, one can apply the same analysis to other types of ex-post and ex-ante risk 

management strategies. For example, since seasonal migration is an ex-ante risk 

management approach, one can explore the effects of access to credit on migration as 

well. Another example is to use access to insurance instead of access to credit for the 

same analysis. The analysis in Chapter 4 suggests that access to credit is important for 
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risk management. This implies that either the policy maker should make credit more 

accessible, or they should provide a policy that lowers the cost of diversification. 

Nevertheless, other risk management tools should be explored. In this regard, access to 

insurance could be a better ex-post risk management alternative. 

 


