
Cornell Hospitality Report • October 2015 • www.chr.cornell.edu   Volume 15, No. 16 1

INTRODUCTION

When we think of science, we think of knowledge 
gained through a systematic process that 
includes collecting and testing information, 

often with the desire to find solutions to particular real-
world problems. The summit theme, “The New Science of 
Service Innovation,” was based on the idea that using 
information in a systematic fashion is an essential step in 
elevating the conversation about innovation between 
industry and academe in hospitality. 

In this four-part series of CHR reports, we have 
attempted to highlight the thinking and scientific findings 
of presenters who shared their insights at the summit. 
We include in our series of reports appendices that list 
and offer a brief summary of all the excellent 
presentations at the CHRS, while offering more detailed 
research summaries of selected studies.

Service Innovation
Distinguishing service innovation from other types and 
forms of innovation is important within the hospitality 
sector. While many discuss invention and technology 
interchangeably with the word innovation, we believe that 
the hospitality industry needs to pay close attention to 
both product and process innovations, because so much 
of service delivery is built on a co-created experience 
with guests, necessitating process innovation for 
execution. With this in mind, we define service innovation 
as the introduction of new or novel ideas that focus on 
services. This includes new ways to deliver value, new 
service concepts, or new service business models. 
Throughout the summit we found agreement from many 
practitioners that along with the rapid increase in big 
data to facilitate the optimization of revenue, shifts in 

The New Science of Service Innovation:
Part 1

Select Research on Data
 from the 2014 Cornell Hospitality Research Summit

F
ew businesses have the level of  direct access to customer and employee data as that found in the 

hospitality and service industries. Fortunately, new analytical techniques and technology have 

improved the availability of  those data. Unfortunately, the volume of  data creates challenges of  

its own. The Cornell Hospitality Research Summit (CHRS) held in October 2014 was organized 

to examine service innovation in a new light, focusing on a scientific and disciplined approach to the topic. 

This report is the first of  four that features expanded summaries of  select research on service innovation. This 

first report focuses on innovative applications of  data analysis that are occurring both in the industry and in 

academic research. Topics include search engine optimization, the use of  analytics for energy efficiency, 

analysis of  online reviews, and optimizing hotel group room rates, as well as how to promote organizational 

learning.
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technology, continuous operational improvements, 
investments in employee performance, and management 
of the customer experience are keys to the delivery of 
service innovation. These areas of service innovation 
were embodied in the four summit tracks and are 
reflected in the four reports exploring service innovation.

The Emerging Importance of Data
The massive amount of data available from hotel and 
restaurant guests has made the understanding of big 
data critical for industry operations. New data analysis 
techniques are making it possible for the industry to offer 
better guest service while also improving revenue by 
matching services to guests’ needs. The data-focused 
presentations at the CHRS demonstrated the use of data 
to optimize prices, improve operating efficiency, and 
track customer behavior. The continuing evolution of the 
internet was the subject of much discussion, as the web 
facilitates guest intelligence and affects hospitality 
distribution and customer service in new and rapidly 
evolving ways. As one participant noted in a tweet during 
the summit, “We have powerful data locked in different 
places, so it is not usable.” Whether talking about user 
generated content, or the power of back-office, utility, 
and operational data, making data more usable is 
essential. As one tweeter suggested, “Start with the 
decisions not with the data.” This solid advice is reflected 
in the research on data featured in this report. 

Who Will Be The Data Innovators?
The innovators of the future will continue to unlock the 
benefit of data for delivering on the hospitality value 
proposition. At the start of the keynote panel on data, we 
posed this question to the audience, Who will be the data 
innovators? We offered the audience two choices, 
insiders, such as hospitality brands (e.g., hotels and 
restaurants), or outsiders, such as technology companies, 
vendors, and suppliers. A total of 82 individuals texted 
their answer to our poll question. As their responses 
show, 76 percent believe data innovation will come from 
outside the industry. 

We were struck by that finding, but we also remain 
unsure of what this suggests for the future of service 
innovation in hospitality. One interpretation of the survey 
poll might be that the industry will stick to its service 
operations expertise and focus on important decisions, 
while leaving the development of tools and analytics to 
vendors with strong analytic and statistical expertise in 
this domain. If that is the case, then strategic 
partnerships will be critical for the future of data 
innovation. A less positive interpretation is that the 
industry lacks the skill and talent to innovate with data, 
and that this deficiency may lead to a shifting of 
customer ownership and raise the possibility of 
dependence on vendors for critical guest and 
operational intelligence

Who will be the data innovators?

Outsiders: Technology companies, vendors, 
and suppliers

Insiders: Hospitality brands
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Optimization and Data Analytics
This first report of the four in this series explores the 
value of data and data analytics to address optimization 
issues, whether optimizing rates, booking channels, or 
even energy costs. The impact of online travel and the 
growing use of data analytics are explored in the 
research summaries to follow. During the CHRS, data 
presentations explored the role of big data, the growing 
importance of data capture and understanding, and the 
role of data analytic techniques to provide more optimal 
approaches to data mining and knowledge creation. The 
appendix at the end of this report provides the 
presentation titles and authors so you can see the full 
range of content explored during the summit. 

In this report we highlight the following seven data-based 
research presentation from the summit:
• “Optimizing Hotel Booking Choices on OTA Web-

sites,” by Jean-Pierre van der Rest. Paolo Cordella, 
Gerard Loosschilder, and Zvi Schwartz (page 4);

• “Applied Analytics for Hospitality Energy Efficiency 
and Associated Core Operations Transformation,” 
by Har Amrit Pal Singh Dhillon, Saju Ramachan-
dran, and Parminder Singh (page 8);

• “How Recognizing Visitor Intent Fuels Customer-
Focused Experiences,” by Matthew Butler and 
Lane Cochrane (page 14);

• “Solving the Online Review Puzzle,” by HyunJeong 
Han, Srinagesh Gavirneni, Shawn Mankad, Joel 
Goh, and Rohit Verma (page 18);

• “Data, Knowledge, and Intelligence in Hospitality 
Industries” by Scott Erickson and Helen Rothberg 
(page 22);

• “Optimizing Hotel Group Room Rates,” by Jian 
Wang (page 24); and

• “How Hotels’ Organizational Learning Depends 
on Two Different Learning Curves,” by Jie Zhang, 
Nitin Joglekar, and Rohit Verma (page 28).

With the rise of internet-based search and booking as 
major innovations, Matthew Butler and Lane Cochrane in 
their paper “How Recognizing Visitor Intent Fuels 
Customer-Focused Experiences,” examine behavioral 
click-stream data as a way of forecasting online user 
intent. To better understand the benefits of qualitative 

data, the paper by HyunJeong Han and colleagues, 
“Solving the Online Review Puzzle,” shows how the use of 
software tools facilitates insights from the large volume 
of unstructured customer commentary available online. 

Optimization is the focus of three papers. The paper by 
Jean-Pierre van der Rest and his colleagues, “Optimizing 
Hotel Booking Choices on OTA Websites,” considers the 
value of placement in the customer booking decision. He 
shows that hotels with lower placement positions gain 
little awareness, traffic, or conversion from advertising. 
Turning to rate optimization, Jian Wang, in the paper 
“Optimizing Hotel Group Room Rates,” works on the group 
pricing problem, revealing that early requests are more 
price sensitive than late ones. The paper concludes by 
suggesting that future work is needed to optimize rates 
for all groups and meeting space. The research of Har 
Amrit Pal Singh Dhillon and co-authors in their work, 
“Applied Analytics for Hospitality Energy Efficiency and 
Associated Core Operations Transformation,” illustrate 
how data analytics help practitioners to understand how 
to optimize efficiency of their energy resources. Whether 
handling a costly critical resource, a pricing decision, or 
customer choice, these papers use data to assist with 
optimization.

We conclude the summaries with research that 
explores how to understand knowledge and learning. 
Scott Erickson and Helen Rothberg, in their paper “Data, 
Knowledge, and Intelligence in Hospitality Industries,” 
compare hospitality to other industries such as banking 
and software, observing that big data and competitive 
information are low in the hospitality industry when 
compared to the banking and software industries. They 
suggest that the dispersed locations of hospitality firms, 
and low employee buy-in may be the primary challenges 
in knowledge use within the industry. Our group of 
papers concludes with the work of Jie Zhang and 
colleagues in the paper “How Hotels’ Organizational 
Learning Depends on Two Different Learning Curves,” 
which explores both organizational and customer 
learning over time. Interestingly learning effects are 
dampened as volume and variety of a hotel concept 
increases, and economies of scale did not have a 
significant effect. Overall this paper reveals the difficulties 
of learning in complex hotel organizations.

We thank these authors for their original presentation 
and their additional work on developing these papers.—
Cathy Enz and Rohit Verma, co-chairs n
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H
otel industry operators are well aware of  the principle that the top of  the screen is the best 

placement for their properties for online travel agency (OTA) or search engine results. To 

that end, hoteliers apply search engine optimization (SEO) strategies, as well as purchase 

advertisements and position as part of  their search engine marketing (SEM) program. Studies 

have supported that approach for promoting bookings. For instance, Brian Ferguson of  Expedia.com cites a 

study that found that “95 percent of  bookings occur with first-page placement, and almost half  (47%) of  

these bookings are made with hotels in the top six positions.”1 Likewise, a study by Group M UK and Nielsen 

regarding Google and Bing searches found that users clicked on one of  the top-three results 68 percent of  the 

time, with 48 percent clicking on the result listed first, 12 percent on the second, and 8 percent on the third.2

1 Green CE, Lomanno M (2012) Distribution Channel Analysis: A Guide for Hotels, HSMAI  Foundation, p. 131)
2 Goodwin D (2012) Organic vs. Paid Search Results: Organic Wins 94% of  Time, Search Engine Watch, Aug 23, 2012 retrieved from  

http://searchenginewatch.com/sew/news/2200730/organic-vs- paid-search-results-organic-wins-94-of-time, on January 6, 2015.
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Optimizing Hotel Booking Choices on OTA Websites:

Search Results Placement, Quoted Room Rate, and Customers’ 
Propensity to Book

Jean-Pierre van der Rest, Paolo Cordella, Gerard Loosschilder, and Zvi Schwartz
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Not every hotel can be at the top of  the screen, however. 
Consequently, the industry could benefit from a systematic esti-
mation of  the value of  a top placement. That knowledge might 
contribute to a determination of  whether a hotel would be 
better off investing in a better placement, or whether the hotel 
could offset lower positioning with other tactics, for example, 
lowering the room rate or offering a package. To address those 
issues, this study uses conjoint analysis and simulation to esti-
mate the monetary value of  high placement in search results. 

Hypotheses 
The researchers postulate a positive, nonlinear relationship be-
tween the hotel’s position on the booking site and the customer’s 
propensity to book. Formally, the hypothesis is: 

H1:  The propensity to book a hotel room night is lower when a 
hotel advertisement is placed lower on the landing page of  
an OTA website’s customer search result, and the reverse 
is also true, with the booking likelihood higher when the 
position is higher.

To test this hypothesis the researchers estimate the impact 
of  the search result order in the form of  the monetary equiva-
lence of  the gap between each position, starting with positions 1 
and 2, and moving down the screen. 

Substantial money is on the line here, as slot fees could 
be based on a fixed fee or a percentage of  the room price that 
would increase with higher positions. Booking.com, for instance, 
charges base commissions of  13 to 17 percent of  room rate, 
plus “extra” percentages to move up.3 

Because the commission paid is tied to the room price, one 
can express the monetary equivalence of  the screen position 
in terms of  the room rate. Establishing an equivalence would 
enable hotels to explore the tradeoff between the room rate 
they quote and the fee paid for improved placement. Thus, the 
second hypothesis is:

H2:  Hotels differ in how much their search result position is 
worth in terms of  room-rate-induced propensity to book.

Methodology 
To test H1, the authors created a fictitious online booking site 
that would replicate typical common booking behavior of  

3 Precise figures are not available, but these figures come from various 
sources on guestcentric.com, quora.com, and skift.com.

OTAs. An online panel of  1,492 Dutch respondents selected by 
GMI (Global Marketing Institute) were asked to choose hotels 
based on a hypothetical trip that specified the city to be visited, 
the date, and number of  nights. With that input the respon-
dents were shown a “search response” that included 50 hotels. 
Needless to say, this booking page showed only the top hotels 
on the first screen, and respondents would have to scroll down 
to see other properties. The hotels’ attributes were manipulated 
according to conjoint analysis procedures so that the researchers 
would learn the effects of  hotel brand and type, distance to the 
center, review scores, price, and position on the page.

Respondents were asked to search for a hotel in four rounds, 
during which the details regarding the hotels offered and their 
position on the page varied based on an orthogonal research 
design. Subjects were asked to treat each round as if  the search 
were completely new.

The propensity for booking a hotel was considered as a 
function of  its position on the landing page. The null hypoth-
esis (H1) was that each hotel has an equal probability of  being 
chosen. In reality, the probability of  being chosen was a function 
of  placement, review score, and price, all of  which varied in 
accordance with the experimental research design and can be 
isolated in the analysis.

Using hierarchical Bayes (HB) estimation, choice probabili-
ties were derived using a multinomial logit model to estimate the 
propensity of  a particular subject to choose a particular hotel.4 

4 McFadden D (1974) Conditional Logit Analysis of  Qualitative Choice 
Behavior, in Frontiers in Econometrics, ed. Zarembka P. (Academic Press, New 
York), 105-142; and Ben-Akiva M, Lerman S (1985) Discrete Choice Analysis: 
Theory and Application to Travel Demand (MIT Press, Cambridge).

where k∈ Θ is the choice set of all 
possible hotels, pk is the probability 
of individual i to choose the kth 

hotel; and       = a vector including 
the attributes to the jth hotel. 

x  i‘
j

4 McFadden D (1974) Conditional Logit Analysis of  Qualitative Choice 
Behavior, in Frontiers in Econometrics, ed. Zarembka P. (Academic Press, New 
York), 105-142; and Ben-Akiva M, Lerman S (1985) Discrete Choice Analysis: 
Theory and Application to Travel Demand (MIT Press, Cambridge).

exp (x  bi)k
i

Σi exp (x  bi)k‘
Pk =

Categorical parameters were estimated for the main effect 
of  factors. To assess the effect of  the placement of  a hotel on 
the search page, 16 dummy codes were created to represent the 
effect of  being placed in positions 1 through 15 and 15+.

To study the value of  search engine positioning (H2), one 
should assess the value of  the hotel placement in the context of  
the rest of  the hotel’s characteristics. For this simulation, numer-
ous scenarios were created to represent potential search pages, 
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Results
The results confirm earlier insights that there is value in being 
first on the initial search page. As shown in Exhibit 1, guests’ 
propensity to book drops steeply until position 6, where the rate 
of  change is reduced and tails off to near zero, about at position 
12. Looking at Exhibit 2, one can conclude that the first position 
is superior in terms of  probability of  booking and should be 
pursued, but if  it is unaffordable due to commission fees, hotels 
should attempt a listing at position 6 or higher, although the 
drop is precipitous from position 1 to 6.5

To test Hypothesis 2, which suggests a tradeoff between 
paying the OTA a commission fee for a higher placement or 
accepting lower placement and making up for that by reduc-
ing room rate, the researchers used a simulator to compare 21 
hypothetical hotels with various characteristics (see Exhibit 3). 
Adjusting hotel chain and base room rate (attribute 1), hotel 
style (attribute 2), and the distance to the city center (attribute 3), 
the study ran scenarios in which the placement of  each hotel on 
the initial search page was systematically changed from number 
1 through number 21. Then the study determined the monetary 
equivalence of  lower placement on the search page relative to 
being in the first position. The results support H2.

5 Booking likelihood in this study was lower than, for instance, Goodwin, 
op.cit.

For Review Only
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Exhibit  1

Propensity of booking a hotel room as a function of position on the search page

Exhibit 2

Observed versus expected choice as a function 
of position

simulating visitor behaviors according to various compositions 
of  the choice set. The simulation assessed what visitors would 
do if  the hotel were to be moved up and down in position, in 
conjunction with other factors.

The monetary equivalence of  placement improvement (or 
demotion) was estimated as the effect of  a price increase or de-
crease compared to a base price. This calculation estimated the 
amount that a room rate would need to change when the hotel 
changes its placement on the search page to maintain the same 
booking likelihood. This allows generalization of  the results 
and an assessment of  differences in how much a search result 
position was worth in terms of  room-rate-induced propensity to 
book.

Observed Expected
Position 1 21.9% 47.9%
Position 2 15.5% 11.9%
Position 3 9.6% 7.9%
Position 4 53.3% 31.9%

x2 (1, N = 1492) = 437.803, p = .000



Cornell Hospitality Report • October 2015 • www.chr.cornell.edu   Volume 15, No. 16 7

Based on this analysis, the monetary equivalent of  being 
number 2 instead of  number 1 ranges between 9 percent and 25 
percent of  the room rate. This suggests that hotels in position 2 
that wish to maintain a similar booking performance as would 
occur had they been in first place, need to reduce their room rates 
by anywhere between 9 and 25 percent. A MANOVA test shows 
that the hotel chain and its base price is a key driver to moder-
ate the effect of  placement. The analysis further indicates that 
relatively expensive chains (e.g., Sofitel, Hilton) wishing to com-
pensate for dropping their placement from number 1 to number 
2 would have to reduce their price to a greater degree than the 
cheaper ones (e.g., Parkhotel, Caesar). That being the case, upper 
end properties might be more inclined to pay the commission 

fee for the top spot rather than trim rates.6 Even for specific 
properties within hotel chains, the recommendation on which 
direction to follow might vary. As the cost of  maintaining the 
same level of  probability of  booking for that hotel is higher (in 
terms of  reducing room rate), the hotel has stronger incentive 
to pay the OTA’s premium to be placed higher. Hotel chains 
could base their decisions on whether to pay for the top spot 
on the specifics relating to the unit. The decision can be based 
on simulations similar to the one demonstrated in this paper.

6 The results of  the MANOVA show that monetary value significantly 
varies across hotel brands (and their base prices), F= 8.49, df=6, p = .001, 
and the slopes in figure 2 are also significantly different across the seven 
hotels, F= 4.00, df=54, p = .000.

Overview 1 Discrete attributes 
Attribute 1  
Hotel chain (including base room 
price)

Attribute 2  
Hotel Style 

Attribute 3  
Distance 

Attribute 4  
Call to action

This is the chain that the hotel 
is part of; a mix of international 
chains and local names

This is the type of hotel. 
Each type had a unique 
description on the 
product page

This is the distance from 
the city center in the 
subject’s city of choice

This is the presence of a 
call to action on the 
booking page to activate 
the visitor

Holiday Inn (€ 199) Romantic 500m Present with a hotel

Best Western (€ 159) Spa 1km Absent

Sofitel (€ 349) Gastronomy 1.5km

Hilton (€ 219) Luxury 3.5km

Park Hotel (€ 129) Design 5+km

Metropole (€ 189)

Caesar Hotel (€ 149)

Overview 2 Semi-continuous attributes
Attribute 5 Hotel room  price per night Every hotel chain had a base room price (see table 1) and the actual room 

price varied around the base price with three steps up (~ +40%, +25% and 
+12%) and down (~ -40%, -25% and -12%); seven price levels in total

Attribute 6 Customer rating for 
cleanliness

We had 12 customer ratings for cleanliness of the hotel room which were 
chosen randomly and assigned based on the experimental research design; 
12 levels in total

Attribute 7 Customer rating for staff 
helpfulness

We had 12 customer ratings for hotel staff helpfulness which were chosen 
randomly and assigned based on the experimental research design; 12 
levels in total

Attribute 8 Customer rating for quality of 
facility

We had 12 customer ratings for quality of the hotel facility were chosen 
randomly and assigned based on the experimental research design; 12 
levels in total

Attribute 9 Rank order position of the 
hotel on the initial search 
screen 

There are 50 entries on the search page. The rank order position of hotels 
on the search page is assigned based on the experimental research design

 Note: The website enabled filtering (i.e., Price and Total Review Score) and sorting (i.e., Price and TotalReview Score).

Exhibit  3

Hotel attributes
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In general, the findings call for a strategy that is based on 
the tradeoff of  position cost against room rate. If  the room rate 
reduction required to compensate for going from number 1 to 
number 2 is lower than 15 percent, then the hotel would reduce 
the room rate. If  the required rate reduction to compensate for 
going from position 1 to position 2 is higher than 20 percent, 
the better plan would be to pay the commission fee. Interestingly, 
the study does not support paying for slots that are much lower 
than about number 6 on the results page.

Discussion 
In summary, the study supports previous findings that the 
propensity to book a hotel diminishes as the hotel’s listing infor-
mation or advertisement is placed lower on an OTA or search 
engine results page. The impact varies somewhat by the type 
of  hotel. The study points to the need for a fact-based strategy 
for establishing and negotiating commission fees associated with 
placement slots.

The considerable commercial value of  the slots on the 
search page progressively degraded from top to bottom in 
this study. At position number 12 the likelihood of  selection 
is extremely low and is not meaningfully different from zero. 

Ironically, there is little value in slotting advertisements in lower 
positions, because they will not gain much awareness, traffic, or 
conversion. This presents a challenge to designers who need to 
do more to entice visitors to scroll down and add more value to 
slots below position 12.

This study did not simulate a booking site that contains sort 
and filter functions. Further research might examine whether 
these functions can help overcome the display limitations and 
the need for extensive scrolling. Although the study demon-
strates the high value of  the top slot, it also finds that a hotel can 
compensate for lower positioning by a reduction of  room price 
(or perhaps other features). The value of  other slots, notably 
2 through 6, 7 through 12, and beyond, are also quantifiable. 
Operators of  OTAs can use this knowledge to develop a differ-
entiated strategy where higher priced chains and units with less 
favorable conditions such as far from a city center, have more 
incentive to pay a higher slot fee. Hotel chains can decide which 
properties should pay a higher slot fee, and which properties 
should manipulate other factors or encourage direct booking on 
Brand.com. n

Applied Analytics for Hospitality Energy Efficiency and Associated 
Core Operations Transformation

Har Amrit Pal Singh Dhillon, Saju Ramachandran, Parminder Singh

E
nergy prices have been remarkably volatile in recent years, and energy remains a considerable 

expense for hotels and restaurants. Controlling energy use and costs is worthwhile both for 

economic reasons and also from a sustainability standpoint. Hospitality firms must plan and 

optimize energy consumption costs without compromising on business outcomes, services, or 

guest comfort. Retrofits are one way to reduce energy use, but the capital intensity of  that approach opens 

the door to finding ways to conserve energy with existing equipment. 

As explained in this study, analytics and data mining have 
the ability to enhance energy efficiency in the hospitality sector 
and thereby conserve capital. An analytic approach can help 
such organizations to intelligently and systematically manage, 
plan, and optimize their energy consumption and transform 
associated core operations. Increasing adoption of  building 

management systems, along with room management, metering, 
and asset management systems, results in generating consider-
able data. Analyzing those data can help hospitality managers 
to control costs, ensure a better guest experience, and prevent 
equipment breakdowns. 
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This paper outlines several analytics-based approaches to 
generating energy savings by tightening operations and staff 
behavior in hotels and restaurants, thereby reducing leakages 
and waste. Based on their experience across multiple types of  
hotels and restaurants with many different formats, service 
levels, menus, and schedules, the researchers have identified 
significant opportunities to analyze periodic patterns of  energy 
consumption, as well as weather, occupancy, and guest counts, 
among other measures. This analysis is based on the concept of  

“service windows,” each of  which represent a discrete, identifi-
able period with its own energy consumption profile that recurs 
day after day.

This paper discusses various data mining-based research 
methods and presents a use case for analytics for energy 
efficiency and associated core operations transformation.

Research Methods
The analysis applies energy, operational, and business data re-
ceived from the various sub-systems, including energy manage-
ment systems (EMS), utility billing systems, property manage-
ment systems (PMS), building management systems (BMS), 
and POS systems. These data can be intelligently correlated to 
generate opportunities for energy savings, energy forecasting, 
and improved site and network operations and efficiency of  as-
set use. The applicable data mining and analytical methods are 
listed below, followed by their application.

• Regression—Hotel energy consumption model;

• Statistical comparison—Network wide thermal profile 
analysis and compliance;

• Correlation and state prediction—Asset reliability 
and performance analysis;

• Clustering—Energy consumption analysis across the 
hospitality industry and benchmarking;

• Time series analysis—Service window framework ap-
plied in QSR & operational transformation; and

• Control chart—Food safety compliance analysis for a 
QSR.

Main Results
(1) Regression. The researchers built a hotel energy con-
sumption model for a hotel (Exhibit 4). This accurate predic-
tive energy consumption model included heating degree-days 
(HDD), cooling degree-days (CDD), and occupancy as the 
independent variables. Using historical energy consumption as 
the dependent variable, the resulting equation could be used 
to predict the energy consumption.7 As shown in Exhibit 4, the 
equation demonstrated the greater effect of  heating or cooling 
demand, as compared to occupancy (green bars). The model 
shows a good correlation with temperature and occupancy, in 
the sense that an increase in occupancy shows enhanced energy 
performance. Using the analytical model, it becomes possible 
to continually review the performance of  the property and take 
corrective actions.

(2) Time-series analysis to develop a service-win-
dow framework. Although quick-service restaurant managers 

7 The analytical equation was {y= [46657.74 + (504.9 x HDD/day) + 
(285.4 x CDD/day) + (-202.3 x % Occupancy)] x No. of  Days}.

Exhibit 4

Energy consumption regression example

For Review Only

3. Main Results 
 

Based on the research questions highlighted earlier and the various statistical methods outlined, the  
summary  of the various results of different analytical methods are described below: 
 

i. Regression - Hotel energy consumption model: For a Hotel, an accurate energy consumption 
predictive model is built with HDD, CDD & Occupancy being the independent variables. A curve is plotted 
using historical energy consumption and other 
independent variables viz. HDD, CDD and occupancy for 
a given property. Equation used to predict the energy 
consumption was {y= [46657.74 + (504.9 x HDD/day) + 
(285.4 x CDD/day) + (-202.3 x % Occupancy)] x No. of 
Days} which is a function of HDD, CDD, Occupancy and 
no. of days.  The model shows a good correlation with 
temperature and occupancy. Also, an increase in 
occupancy shows an enhanced energy performance. 
Using the analytical model it becomes possible to 
review the performance of the property on ongoing basis and take corrective actions. 

 
ii. Times series Analysis - Service Window framework applied in QSRs – Monthly utility bill analysis 

cannot give insights to the required operational transformation in QSR. Time series interval data/ energy 
pattern can detect its leakage by comparing with specific 
restaurant operating schedules & loading factor. Service 
Windows are uniquely identifiable and distinguishable 
energy consumption profile of a restaurant which is fairly 
repeatable day after day. These energy profiles are a result 
of the business volume, weather, equipment usage, menu 
etc. An illustration of service window detection in the time 
series is shown for QSR. The energy data analysis identify 
8 unique service windows repeated over weekdays. 
Variation in ‘Business service window’ is due to guest 
count & sales. The non-working service windows should have relatively the same consumption; but the 
variation seen here from 80% to 53% of full load. This consumption variation is due to scheduling in asset 
operations. Achieve Operational transformation by defining the service window & schedule the Fire 
up & Fire down of QSR assets.  
 

iii. Statistical comparison - Network wide Thermal Profile Analysis: It is difficult to analyse the thermal 
profiles of various properties across network. 
Therefore, Enterprise Level analytics on the 
temperature data helps identifying sites with thermal 
profile issues – Over Heating / Over Cooling, etc. In this 
model; yellow dots are the sites, where there is a 
potential for heating set point correction, light blue dots 
are the sites with cooling set point correction and pink 
dots are sites with consistently high temperature and 
needs to be checked for HVAC equipment issues. This 
analytical method allows for quick detection of non-
conforming sites, subsequently help them enabling 
RCA and take appropriate corrective actions which helps in stabilizing thermal profile of the network. 
 

iv. Correlation & state prediction- Asset Reliability and Performance Analysis: Another important 
analytical method is the performance analysis of assets which helps analysing the reliability of the assets and 
in-turn improve guest comfort. In the illustrative model, light blue + signs are high EUI assets with high 
compressor run hours but low average temperature which means there is a sensor issue or RTU controls 
issue, compressors running consistently even though consumption are is overcooled. Red boxes in the 
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Exhibit 5

Time series analysis for QSR energy use

do review their monthly utility bills, analyzing usage without 
connecting that usage to operations cannot give insights to the 
required operational transformation. Similar to an approach 
used for restaurant revenue management, the restaurant operat-
ing day can be divided into discrete service windows, which have 
fairly repetitive characteristics. As shown in Exhibit 5, a QSR’s 
service windows can be identified by energy data analysis, which 
shows eight periodic service windows that occur each weekday. 
Time series interval data regarding energy patterns can detect 
energy leakages through comparisons with specific restau-
rant operating schedules and load factors during each service 
window. These energy profiles are a result of  such factors as the 
business volume, weather, equipment use, and the menu. 

Variation in energy use in the service windows during 
business hours is due to guest count and sales. During off-times 
the service windows should have relatively consistent consump-
tion. That is not the case in this graph, where the variation in 
energy use ranges from 80 to 53 percent of  full load during 
non-service hours. This consumption variation is most likely 
due to operational scheduling, and one can achieve operational 
transformation by scheduling the equipment fire up and fire 
down according to the service window.

(3) Statistical comparison of  network-wide ther-
mal profile analysis. It is difficult to analyze the thermal 
profiles of  various properties across a network. Therefore, 
enterprise-level analysis of  temperature data helps identify sites 

with thermal profile issues, such as over heating or over cooling. 
In the model depicted in Exhibit 6, yellow dots are the sites 
where there is a potential for heating set-point correction, light 
blue dots are the sites that might need cooling set-point correc-
tion, and pink dots are sites with consistently high temperature, 
which need to be checked for HVAC equipment issues. This 
analytical method allows for quick detection of  non-conforming 
sites, subsequently helping management to take appropriate 
corrective actions that assist in stabilizing the network’s thermal 
profile.

(4) Correlation and state prediction based on as-
set reliability and performance analysis. Another impor-
tant analytical method is asset performance analysis, based on 
an energy usage index (EUI), which helps monitor the reliability 
of  the assets and in turn improve guest comfort. In the illustra-
tion in Exhibit 7, light blue + signs are high EUI assets with 
high compressor run hours but low average temperature, which 
means there is a sensor issue or RTU controls issue. That is, 
compressors are running consistently even though the space is 
overcooled. Red boxes in the bottom right of  the model are low 
average EUI, with low or medium compressor run-hours but 
high average temperature. Again, there is a sensor issue or RTU 
controls issue, possibly including compressor failure because 
the compressors are not running even though the area is under 
cooled. Network wide analytics and correlation of  EUI, RTU 
compressor run-hours, and average temperature in consumption 
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3. Main Results 
 

Based on the research questions highlighted earlier and the various statistical methods outlined, the  
summary  of the various results of different analytical methods are described below: 
 

i. Regression - Hotel energy consumption model: For a Hotel, an accurate energy consumption 
predictive model is built with HDD, CDD & Occupancy being the independent variables. A curve is plotted 
using historical energy consumption and other 
independent variables viz. HDD, CDD and occupancy for 
a given property. Equation used to predict the energy 
consumption was {y= [46657.74 + (504.9 x HDD/day) + 
(285.4 x CDD/day) + (-202.3 x % Occupancy)] x No. of 
Days} which is a function of HDD, CDD, Occupancy and 
no. of days.  The model shows a good correlation with 
temperature and occupancy. Also, an increase in 
occupancy shows an enhanced energy performance. 
Using the analytical model it becomes possible to 
review the performance of the property on ongoing basis and take corrective actions. 

 
ii. Times series Analysis - Service Window framework applied in QSRs – Monthly utility bill analysis 

cannot give insights to the required operational transformation in QSR. Time series interval data/ energy 
pattern can detect its leakage by comparing with specific 
restaurant operating schedules & loading factor. Service 
Windows are uniquely identifiable and distinguishable 
energy consumption profile of a restaurant which is fairly 
repeatable day after day. These energy profiles are a result 
of the business volume, weather, equipment usage, menu 
etc. An illustration of service window detection in the time 
series is shown for QSR. The energy data analysis identify 
8 unique service windows repeated over weekdays. 
Variation in ‘Business service window’ is due to guest 
count & sales. The non-working service windows should have relatively the same consumption; but the 
variation seen here from 80% to 53% of full load. This consumption variation is due to scheduling in asset 
operations. Achieve Operational transformation by defining the service window & schedule the Fire 
up & Fire down of QSR assets.  
 

iii. Statistical comparison - Network wide Thermal Profile Analysis: It is difficult to analyse the thermal 
profiles of various properties across network. 
Therefore, Enterprise Level analytics on the 
temperature data helps identifying sites with thermal 
profile issues – Over Heating / Over Cooling, etc. In this 
model; yellow dots are the sites, where there is a 
potential for heating set point correction, light blue dots 
are the sites with cooling set point correction and pink 
dots are sites with consistently high temperature and 
needs to be checked for HVAC equipment issues. This 
analytical method allows for quick detection of non-
conforming sites, subsequently help them enabling 
RCA and take appropriate corrective actions which helps in stabilizing thermal profile of the network. 
 

iv. Correlation & state prediction- Asset Reliability and Performance Analysis: Another important 
analytical method is the performance analysis of assets which helps analysing the reliability of the assets and 
in-turn improve guest comfort. In the illustrative model, light blue + signs are high EUI assets with high 
compressor run hours but low average temperature which means there is a sensor issue or RTU controls 
issue, compressors running consistently even though consumption are is overcooled. Red boxes in the 
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Exhibit 6

Network thermal profile analysis
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3. Main Results 
 

Based on the research questions highlighted earlier and the various statistical methods outlined, the  
summary  of the various results of different analytical methods are described below: 
 

i. Regression - Hotel energy consumption model: For a Hotel, an accurate energy consumption 
predictive model is built with HDD, CDD & Occupancy being the independent variables. A curve is plotted 
using historical energy consumption and other 
independent variables viz. HDD, CDD and occupancy for 
a given property. Equation used to predict the energy 
consumption was {y= [46657.74 + (504.9 x HDD/day) + 
(285.4 x CDD/day) + (-202.3 x % Occupancy)] x No. of 
Days} which is a function of HDD, CDD, Occupancy and 
no. of days.  The model shows a good correlation with 
temperature and occupancy. Also, an increase in 
occupancy shows an enhanced energy performance. 
Using the analytical model it becomes possible to 
review the performance of the property on ongoing basis and take corrective actions. 

 
ii. Times series Analysis - Service Window framework applied in QSRs – Monthly utility bill analysis 

cannot give insights to the required operational transformation in QSR. Time series interval data/ energy 
pattern can detect its leakage by comparing with specific 
restaurant operating schedules & loading factor. Service 
Windows are uniquely identifiable and distinguishable 
energy consumption profile of a restaurant which is fairly 
repeatable day after day. These energy profiles are a result 
of the business volume, weather, equipment usage, menu 
etc. An illustration of service window detection in the time 
series is shown for QSR. The energy data analysis identify 
8 unique service windows repeated over weekdays. 
Variation in ‘Business service window’ is due to guest 
count & sales. The non-working service windows should have relatively the same consumption; but the 
variation seen here from 80% to 53% of full load. This consumption variation is due to scheduling in asset 
operations. Achieve Operational transformation by defining the service window & schedule the Fire 
up & Fire down of QSR assets.  
 

iii. Statistical comparison - Network wide Thermal Profile Analysis: It is difficult to analyse the thermal 
profiles of various properties across network. 
Therefore, Enterprise Level analytics on the 
temperature data helps identifying sites with thermal 
profile issues – Over Heating / Over Cooling, etc. In this 
model; yellow dots are the sites, where there is a 
potential for heating set point correction, light blue dots 
are the sites with cooling set point correction and pink 
dots are sites with consistently high temperature and 
needs to be checked for HVAC equipment issues. This 
analytical method allows for quick detection of non-
conforming sites, subsequently help them enabling 
RCA and take appropriate corrective actions which helps in stabilizing thermal profile of the network. 
 

iv. Correlation & state prediction- Asset Reliability and Performance Analysis: Another important 
analytical method is the performance analysis of assets which helps analysing the reliability of the assets and 
in-turn improve guest comfort. In the illustrative model, light blue + signs are high EUI assets with high 
compressor run hours but low average temperature which means there is a sensor issue or RTU controls 
issue, compressors running consistently even though consumption are is overcooled. Red boxes in the 
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bottom right of the model are low average EUI with low 
or medium compressor run hours but high average 
temperature which means there is a sensor issue or RTU 
controls issue, compressor failures. Compressors are not 
running even though consumption area is under cooled.  
Network wide analytics and correlation of EUI 
(energy usage index), RTU Compressor run hours and 
average temperature in consumption areas helps in 
identifying issues related to sensor failures, asset 
faults which can be acted upon by Engineering teams 
and maintenance teams. 
 

v. Clustering - Energy Analysis across the Hospitality industry & benchmarking: Hotels /Restaurant 
operators with large number of restaurants find it difficult to detect energy leakages/deviation across their 
sites and benchmarking.  Energy depends on multiple factors like weather zone, occupancy, Area, HVAC 
Assets type, operating schedules, age of buildings, hotel segment, etc. One of the powerful method to analyse 
the energy leakage & deviation is to segment or cluster 
the sites based on energy as well as demographic 
variables. The Hierarchical method of clustering 
(unsupervised learning) with data joined or linked using a 
complete method is adopted for the analysis & the 
optimal clusters is identified. Clustering ~90 Hotels (in 
US) with above variables leads to the formation of 9 
groups. Different cluster characterize by segment & 
consumption. The deviated hotels/sites could be easily 
identified from the cluster & will be potential energy 
saving opportunity member. The Hotels/restaurants with Energy Intensity (EUI) higher than the cluster 
average are potential sites which have energy leakages and candidates for immediate attention. 
Average EUI is the benchmark for the specific cluster 
 

vi. Control Chart - Food Safety Compliance Analysis in a QSR: Restaurants has to comply with food 
storage temperature norms. The interval temperature data (2mins) logged is used to derive the control chart. 
Median Temperature observed in an hour is used as a statistic for evaluating the policy adherence. The 
compliance report for storage policy (walk-in freezer) of 
a QSR is as illustrated where the x-axis represents the 
hours & the Y-axis is the compliance % for a month. The 
food safety compliance for Walk-in freezer suggests -18 
to -22C as the acceptable temperature norm & for the 
particular month the breach is highest in the employee 
only hours (10pm to 2 am). The analysis also show a 
relative low % of compliance thru the day ranging from 5- 
40% which points to the equipment requiring some 
maintenance. There are also significant periods of over 
cooling in the site which results in avoidable energy use. 
This control chart can assist in performing an RCA on the observation. It helps the management to 
take corrective action due to the Asset Health or operational transformation at the QSR 
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Asset performance analysis (based on energy usage index)
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complies with food storage temperature norms, a control chart 
compiles temperature data over an interval of  2 minutes. The 
median temperature observed in an hour is then used for evalu-
ating temperature policy adherence. The compliance report for 
a QSR’s walk-in freezer is illustrated in Exhibit 9. Using -18o 
to -22oC as the acceptable temperature range, the graph shows 
that policy breaches are highest in the employee-only hours 
(10:00 p.m. to 2:00 a.m.). The analysis also shows a relatively 
low percentage of  compliance thru the day—from 5 to 40 
percent. This points to equipment requiring some maintenance, 
but management must also address the periods of  over cooling, 
which results in avoidable energy use. 

Implications for Future Research and Practice
Many hotels and restaurants have energy management and 
building management systems that employ meters and sen-
sors that log data related to energy consumption, temperature 
compliance, and asset performance. Each firm should establish 
a framework on how to analyze and employ the data sets thus 
generated to maintain a continuous program of  improving op-
erations and plugging leaks. These data must be analyzed using 
robust algorithms to further optimize the energy consumption.

The data mining tools discussed here, namely, regression, 
clustering, classification, time series analysis, and control charts, 
help to optimize energy use and limit leakage through model 
development, benchmarking, equipment cycling, and tempera-
ture compliance. The paper emphasizes the power of  analyz-
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bottom right of the model are low average EUI with low 
or medium compressor run hours but high average 
temperature which means there is a sensor issue or RTU 
controls issue, compressor failures. Compressors are not 
running even though consumption area is under cooled.  
Network wide analytics and correlation of EUI 
(energy usage index), RTU Compressor run hours and 
average temperature in consumption areas helps in 
identifying issues related to sensor failures, asset 
faults which can be acted upon by Engineering teams 
and maintenance teams. 
 

v. Clustering - Energy Analysis across the Hospitality industry & benchmarking: Hotels /Restaurant 
operators with large number of restaurants find it difficult to detect energy leakages/deviation across their 
sites and benchmarking.  Energy depends on multiple factors like weather zone, occupancy, Area, HVAC 
Assets type, operating schedules, age of buildings, hotel segment, etc. One of the powerful method to analyse 
the energy leakage & deviation is to segment or cluster 
the sites based on energy as well as demographic 
variables. The Hierarchical method of clustering 
(unsupervised learning) with data joined or linked using a 
complete method is adopted for the analysis & the 
optimal clusters is identified. Clustering ~90 Hotels (in 
US) with above variables leads to the formation of 9 
groups. Different cluster characterize by segment & 
consumption. The deviated hotels/sites could be easily 
identified from the cluster & will be potential energy 
saving opportunity member. The Hotels/restaurants with Energy Intensity (EUI) higher than the cluster 
average are potential sites which have energy leakages and candidates for immediate attention. 
Average EUI is the benchmark for the specific cluster 
 

vi. Control Chart - Food Safety Compliance Analysis in a QSR: Restaurants has to comply with food 
storage temperature norms. The interval temperature data (2mins) logged is used to derive the control chart. 
Median Temperature observed in an hour is used as a statistic for evaluating the policy adherence. The 
compliance report for storage policy (walk-in freezer) of 
a QSR is as illustrated where the x-axis represents the 
hours & the Y-axis is the compliance % for a month. The 
food safety compliance for Walk-in freezer suggests -18 
to -22C as the acceptable temperature norm & for the 
particular month the breach is highest in the employee 
only hours (10pm to 2 am). The analysis also show a 
relative low % of compliance thru the day ranging from 5- 
40% which points to the equipment requiring some 
maintenance. There are also significant periods of over 
cooling in the site which results in avoidable energy use. 
This control chart can assist in performing an RCA on the observation. It helps the management to 
take corrective action due to the Asset Health or operational transformation at the QSR 
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Exhibit 8

Clustering energy analysis

areas helps in identifying issues related to sensor failures. Once 
identified, engineering and maintenance teams can remedy such 
asset faults.

(5) Clustering data for comparative energy analy-
sis and benchmarking. Hotel and restaurant operators with 
a large number of  restaurants may find it difficult to detect 
energy leakages or deviations across their sites. Energy use 
depends on multiple factors like weather zone, occupancy, area 
of  the facility, HVAC type, operating schedules, age of  buildings, 
and hotel segment. One powerful method to analyze energy 
leakage and deviation is to segment or cluster the sites based on 
energy use and demographic variables.

Using the hierarchical method of  clustering, in which items 
are grouped in ever larger groups according to the similarity or 
distance of  their values, the values are gradually assembled until 
an optimal cluster solution is identified by gathering together 
relatively similar values (Exhibit 8). Clustering for nearly 90 U.S. 
hotels leads to the formation of  nine groups, characterized by 
different segments and consumption levels. Once the clusters are 
established, each cluster has an average EUI as the benchmark. 
One can then identify hotels (or restaurants) that have energy 
usage that deviates noticeably from the cluster, which potentially 
have energy saving opportunities. Properties with an EUI higher 
than the cluster average potentially have energy leakages and 
should be given immediate attention. 

(6) Control chart for food safety compliance 
(based on temperature). To ensure that a restaurant 
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ing energy and operational data in a way that helps hotel and 
restaurant operators to achieve savings with zero investment in 
equipment upgrades or retrofits.

In closing, the authors note the challenges of  adopting 
these analytical methods, since the organization will need to 
overcome technical, operational, and organizational complexi-
ties to apply these analytics. The challenges include:

• Disparate systems. Every organization has a mélange of  
diverse systems;

• Existing orientation. Rather than an attitude of  “fix the issue,” 
the organization should take an analytical and corrective 
approach that addresses ROI rather than retrofits;

• Skill gaps. Most organizations have staff with high engineer-
ing skill sets but statistical and analytical capability may be 
limited, as is access to the specialized tools outlined here; 
and

• Data management. Data must be stable and clean, so organi-
zations must understand how to remove data inconsisten-
cies. Handling large volumes of  data can lead to inconsis-
tent analytical results.

Overcoming those challenges will move an organization to more 
effective energy use with far less expense than total retrofits. n

Exhibit 9

Food-safety compliance control chart
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bottom right of the model are low average EUI with low 
or medium compressor run hours but high average 
temperature which means there is a sensor issue or RTU 
controls issue, compressor failures. Compressors are not 
running even though consumption area is under cooled.  
Network wide analytics and correlation of EUI 
(energy usage index), RTU Compressor run hours and 
average temperature in consumption areas helps in 
identifying issues related to sensor failures, asset 
faults which can be acted upon by Engineering teams 
and maintenance teams. 
 

v. Clustering - Energy Analysis across the Hospitality industry & benchmarking: Hotels /Restaurant 
operators with large number of restaurants find it difficult to detect energy leakages/deviation across their 
sites and benchmarking.  Energy depends on multiple factors like weather zone, occupancy, Area, HVAC 
Assets type, operating schedules, age of buildings, hotel segment, etc. One of the powerful method to analyse 
the energy leakage & deviation is to segment or cluster 
the sites based on energy as well as demographic 
variables. The Hierarchical method of clustering 
(unsupervised learning) with data joined or linked using a 
complete method is adopted for the analysis & the 
optimal clusters is identified. Clustering ~90 Hotels (in 
US) with above variables leads to the formation of 9 
groups. Different cluster characterize by segment & 
consumption. The deviated hotels/sites could be easily 
identified from the cluster & will be potential energy 
saving opportunity member. The Hotels/restaurants with Energy Intensity (EUI) higher than the cluster 
average are potential sites which have energy leakages and candidates for immediate attention. 
Average EUI is the benchmark for the specific cluster 
 

vi. Control Chart - Food Safety Compliance Analysis in a QSR: Restaurants has to comply with food 
storage temperature norms. The interval temperature data (2mins) logged is used to derive the control chart. 
Median Temperature observed in an hour is used as a statistic for evaluating the policy adherence. The 
compliance report for storage policy (walk-in freezer) of 
a QSR is as illustrated where the x-axis represents the 
hours & the Y-axis is the compliance % for a month. The 
food safety compliance for Walk-in freezer suggests -18 
to -22C as the acceptable temperature norm & for the 
particular month the breach is highest in the employee 
only hours (10pm to 2 am). The analysis also show a 
relative low % of compliance thru the day ranging from 5- 
40% which points to the equipment requiring some 
maintenance. There are also significant periods of over 
cooling in the site which results in avoidable energy use. 
This control chart can assist in performing an RCA on the observation. It helps the management to 
take corrective action due to the Asset Health or operational transformation at the QSR 
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How Recognizing Visitor Intent Fuels Customer-focused Experiences

Matthew Butler and Lane Cochrane

W
ith the rise of  internet-based commerce, a broad research stream has been dedicated to 

modeling online search and purchase behavior.8 These modeling endeavors have taken 

a variety of  approaches, including statistics9 and machine learning,10 but in general have 

implications for web personalization. Also known as website adaptation, web 

personalization is an umbrella term for several approaches to tailoring online experiences, including content 

personalization,11 chat,12 and re-targeting.13 From a machine learning perspective there have been two distinct 

tracks of  research: (1) clustering of  web user logs relating to unsupervised learning, and (2) predictive 

modeling relating to supervised learning. 

8 Bamshad Mobasher, Robert Cooley, and Jaideep Srivastava. Automatic personalization based on web usage mining. Communications of  the ACM, 
43(8):142–151, 2000.

9 Xiangji Huang, Fuchun Peng, Aijun  An,  and Dale Schuurmans. Dynamic web log session identification with statistical language models. Journal of  the 
American Society for Information  Science and Technology, 55(14):1290–1303, 2004.

10 Magdalini Eirinaki  and Michalis Vazirgiannis.  Web mining for web personalization. ACM Transactions on Internet Technology (TOIT), 3(1):1–27, 
2003.

11 Ranieri Baraglia and Fabrizio Silvestri. Dynamic personalization of  web sites without user intervention. Communications of  the ACM, 50(2):63–67, 
2007

12 R. Vijayaraghavan, S.R. KULKARNI, and K.M. ADUSUMILLI. Method and apparatus for intent modeling and prediction, October 10 2013.
13 D.L. Doughty, B.M. Gordan, S.B. Mysore, and M.A. Tengler. Identifying a same user of  multiple communication  devices based on application use 

patterns, May 16 2013.
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Much of  the early work in web analytics research focused 
on unsupervised approaches that built user personas based on 
the web pages they visited.14 These clusters of  personas could 
then later be used for predictive modeling purposes. However, 
when a meaningful label could be applied to user sessions, then 
a supervised learning approach can be applied. Typically, labels 
of  this type are determined directly from the user logs. Certainly 
for online retailers the most valuable segment of  users is those 
that are in the purchase phase. This has motivated the use of  
typical purchase funnel attributes as the target variables for 
supervised learning (i.e., purchased, visited, or abandoned the 
shopping cart). A plethora of  research papers have modeled 
online purchasing behavior for the purpose of  personalization.15 
Regardless of  approach or application, those papers share the 
same characteristic of  modeling successful outcomes. That is, 
the labels denote the web session as either “made a purchase” or 
did not. 

Modeling successful outcomes and taking a discrimina-
tive approach to categorizing user sessions is a straightforward 
modeling technique for aligning the analysis with business 
needs. This approach runs in contrast to unsupervised learning, 
where business intelligence comes only from interpreting the 
clusters, as the mathematics behind creating the clusters does 
not necessary align to business needs. In that case the algorithm 
is optimizing a cost function typically independent from business 
objectives. 

Though supervised learning has yielded some benefits it 
is still constrained to modeling behavioral data alone, while 
the context in which the data are generated, namely, the user’s 
state of  mind, is not available. It can be difficult to interpret 
behavior without knowing the context, and for model building 
this leads to sub-optimal forecasts and ineffective personaliza-
tion initiatives. This blind spot in the behavioral data is gaining 
more attention as recent studies in recommendation engines 
(arguably the most abundant form of  web personalization) have 
been using context to improve the item set offered to users.16 
From this research comes the focal point of  the work described 
in this report, which aims to provide an alternative approach 
to modeling users on a website by incorporating context in 
the learning phase. The context is provided through stated 
user intent, thereby allowing the algorithms to differentiate the 
behavioral data based on users’ intentions and not just observed 
outcomes. Incorporating stated intent into the learning phase 
effectively removes the contextual blind spot stemming from the 

14 Dimitrios  Pierrakos, Georgios Paliouras, Christos Papatheodorou, 
and Constantine D. Spyropoulos. Web usage mining as a tool for personaliza-
tion: A survey. User modeling and user-adapted interaction, 13(4):311–372, 
2003.

15 Magdalini and Vazirgiannis, op.cit.
16 Gediminas Adomavicius and Alexander Tuzhilin. Context-aware 

recommender systems, in Recommender  systems handbook, pages 217–253. 
Springer, 2011

misalignment of  business objectives and what can be inferred 
from observable variables in user logs. 

The goals of  this paper are to demonstrate that stated 
intent can be reliably predicted and to examine the advantages 
of  knowing intent for website personalization.

Problem Definition and Approach
Working under the assumption that the ability to forecast user 
intent improves personalization, the researchers built and 
validated a model of  stated intent, starting with a dataset that 
combines behavioral data with stated user intent. The process 
of  doing so was performed by running a survey on a business to 
consumer e-commerce website that collected user feedback at 
the end of  a session. Contained in the feedback survey is a ques-
tion regarding the user’s intent for the session. Information from 
the questionnaire can be augmented with the user’s click stream 
data to create a dataset applicable for supervised learning. 

In considering whether stated intent can be reliably pre-
dicted from observable variables, the researchers analyzed the 
following variables: environment characteristics (e.g., browser, 
time of  day, location), the sequence of  URLs visited by the 
user, and the amount of  time spent on each URL. The target 
variable is user intent, which is determined from the survey’s 
purpose-of-visit question. The original seven levels on the survey 
were concatenated into three meta purposes of  visit: namely, 
research, support, and purchase. The dataset contained the full 
click streams of  over 60,000 different visitors along with their as-
sociated survey responses. However, distribution for visitor intent 
is unbalanced: only 11 percent said they intended to purchase, 
approximately half  (46%) of  visitors had support-related queries, 
and the remaining 43 percent professed research-related intent.

Since no known studies have attempted to predict stated 
visitor intent using behavioral click-stream data, this study con-
stitutes a feasibility assessment regarding such a determination. 
For this purpose the researchers made a simplifying assump-
tion in which they observed the whole user session at one time 
and therefore removed any sequential estimation component 
which would be required for in-session predictions. Having no 
precedent, the researchers conducted the feasibility study using 
the following four supervised machine learning approaches: 
function approximation, decision trees, instance-based learning, 
and Bayesian approaches. As shown in Exhibit 10, the data set 
is a mix of  categorical data (e.g., URLs, browser, location) and 
numeric attributes (e.g., time, path length). 

Experiment Results 
For each algorithm the researchers report overall classifica-
tion accuracy (Exhibit 11). For the top performing algorithm 
(NBstack), they also show the full confusion matrix and a 
rejection curve (Exhibit 12). The rejection curve demonstrates 
the relationship between the confidence of  the algorithm and 
accuracy. 



16   Cornell Hospitality Research Summit Data Presentations  • The Center for Hospitality Research • Cornell University

The baseline accuracy is 45.88 percent, which represents 
a majority class classifier that predicts the intent of  support for 
all sessions. From the zero-intelligence baseline, each of  the 
algorithms is able to achieve an improvement in classification 
accuracy that is statistically significant (p ≤ 0.01). The rejection 
curve in Exhibit 12 is well-behaved and monotonically decreas-
ing, which demonstrates that as the algorithm becomes more 
confident about a prediction it is more likely to be correct.

The rejection curve is the trade-off between confidence 
and coverage, but its shape denotes an information-rich input 
dataset. If  the curve is flat or more chaotic, then the relationship 
between the input attribute space and the output dependent 
variable would be weak.

The confusion matrix table in Exhibit 12 displays the 
prediction results for each class of  intentions. Most correct 
classifications are found in the research and support intentions, 
whereas intent to purchase was generally misclassified. This 
class imbalance problem is well documented in the machine 
learning literature.17 The algorithms under study are optimiz-
ing an error criterion which lends itself  to poor prediction on 
minority classes. The precision for purchase was 12.13 percent 
and recall was 12.06 percent, which is only marginally greater 
than what would be achieved with a zero-intelligence approach. 
As discussed below, to improve predictions on this class a differ-
ent approach will have to be taken, such as supervised sampling 
or anomaly detection.

Intent for Personalization 
Having established that intent can be reliably predicted, the next 
step is to use intent to enrich and simplify online personaliza-
tion. Finding ways to simplify personalization is crucial. Over 
90 percent of  companies state that personalization is important, 
but a mere 4 percent feel that they are able to deliver it.18 The 
potential for content management systems, live assistance, and 
marketing campaigns is immense, but the majority of  digital 
marketers do not know how to begin (72%, according to one 
study19). We believe that these barriers to personalization are 
in part created by the focus on “who” a user is as opposed to 

“why” that person is on the website. Someone who is at an initial 
research stage will have different requirements than someone 
shopping to buy immediately. The specific demographics of  
each of  those web visitors is moot, compared to their purpose 
of  visit. For marketers, one can easily map out relevant content, 
suggestions, and support, when sessions are described based on 
intent as opposed to profile. Personalization strategies become 

17 Nathalie Japkowicz and Shaju Stephen. The class imbalance prob-

lem: A systematic study. Intelligent data analysis, 6(5):429–449, 2002. 
18 Econsultancy New York. White paper: The realities of  online person-

alization. Technical Report MSU-CSE-06-2, New York: Econsultancy; April  
2013. Published in association with Monetate.

19 Ibid.
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Figure 1: (right) A bar plot of classification accuracy for each of the algorithms understudy
for 100% coverage of the test samples. (left) A scatter plot of the Naive Bayes Stack
rejection curve, demonstrating the trade-off between confidence and accuracy for predicting
intent. The red numbers above the points represent the confidence threshold for making a
prediction.

Table 2: The confusion matrix of classification results for the Naive Bayes Stack algorithm.
The numbers in each cell are frequency counts derived from the 10-fold cross-validation
procedure.

Classified As
Support Research Purchase

3607 894 181 Support
Actual Class333 2977 935 Research

305 818 154 Purchase

Table 3: Chat statistics by intent
Intent probability to accept probability to convert

Purchase 0.2565 0.0878
Research 0.1670 0.0241
Support 0.3732 0.0153
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Figure 2: Stacked bar plots of the chat offer distributions across user intents for the base
model and a model using intent in the building process.
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Figure 1: (right) A bar plot of classification accuracy for each of the algorithms understudy
for 100% coverage of the test samples. (left) A scatter plot of the Naive Bayes Stack
rejection curve, demonstrating the trade-off between confidence and accuracy for predicting
intent. The red numbers above the points represent the confidence threshold for making a
prediction.

Table 2: The confusion matrix of classification results for the Naive Bayes Stack algorithm.
The numbers in each cell are frequency counts derived from the 10-fold cross-validation
procedure.

Classified As
Support Research Purchase

3607 894 181 Support
Actual Class333 2977 935 Research

305 818 154 Purchase

Table 3: Chat statistics by intent
Intent probability to accept probability to convert

Purchase 0.2565 0.0878
Research 0.1670 0.0241
Support 0.3732 0.0153
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Figure 2: Stacked bar plots of the chat offer distributions across user intents for the base
model and a model using intent in the building process.
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 Note: Classification accuracy for all algorithms under study. 

 Note: Scatter plot of Naive Bayes Stack rejection curve for best 
performing  algorithm, demonstrating the tradeoff between confidence 
and accuracy for predicting intent. Red numbers = confidence 
threshold for a prediction. Table shows classification results for this 
algorithm. Numbers in each cell are frequency counts derived from the 
10-fold cross-validation procedure.

Exhibit 12

Bayes stack rejection curve and confusion 
matrix
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Actual 
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easier to develop and more intuitive to implement when the 
focus is the visit type, and not the visitor type. 

To further demonstrate this argument the researchers 
conducted a simulation for optimizing proactive chat in an 
e-commerce website. In this scenario the company is most 
interested in speaking with users who intend to buy. Relevant 
statistics, segmented by user intent, are supplied in Exhibit 13. 
Purchase intenders have the highest probability of  converting if  
engaged in a chat session. Thus, for a chat program focused on 
increasing sales, this segment represents the most value. A com-
plication, however, is that purchase intenders are not the most 
likely to accept chat. Instead, support seekers are most likely to 
chat, but they have the lowest probability of  converting to a sale. 
Therefore the ideal mechanism for offering chats would solely 
focus on purchase intenders. 

This would, in turn, require a model of  user intent. The 
improvement to proactive chat can be facilitated by shifting the 
distribution of  chats being offered to purchase intenders from 
the other two groups. The study demonstrates an anomaly 
detection approach to finding purchasers, due to the low ac-
curacy percentage of  other approaches. Exhibit 14 shows the 
distribution of  chat offers for a proactive chat system both with 
and without using a model of  intent to decide which users get 
offered a chat session. The model not using intent is a rule-
based approach based on such typical measures as time spent 
and URLs visited. Exhibit 15 provides further details on the 
chat experiment, including the percentage of  chats offered and 
the realized-assisted sales. 

Triggering proactive chat based on a model trained with 
user intent yields a chat offer distribution more skewed to 
purchasers. This heavily skewed distribution in turn yields an 
increase in chat-assisted conversion and in chat acceptances. 
However, due to the higher propensity of  purchasers to convert, 
the increase in sales is close to 12 times the increase in chats. In 
sum, this approach yields a 58-percent increase in sales with 
only a modest 4.84-percent increase in chats.

Conclusions and Implications
The results from the feasibility study clearly show a significant 
increase over existing benchmarks in classification accuracy in 
predicting stated intent. This demonstrates that intent can be 
inferred from click streams. The results also highlighted the 
susceptibility of  the algorithms used in the study to the class 
imbalance problem, which diminishes the ability to identify the 
relatively small percentage of  users who intend to purchase. 
However, the chat example, where an anomaly detection ap-
proach was used to recognize purchase intenders, demonstrated 
a significant increase in the model’s ability to find purchase 

intenders, which translated into significant gains in chat-assisted 
conversions. The gains in chat-assisted conversion served as 
evidence as to how intent improves web personalization initia-
tives above what can be achieved with behavioral data alone. 
Future work concerns the refinement of  the approaches and the 
introduction of  additional variables to the models such as scroll-
ing and other actions. n
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Figure 1: (right) A bar plot of classification accuracy for each of the algorithms understudy
for 100% coverage of the test samples. (left) A scatter plot of the Naive Bayes Stack
rejection curve, demonstrating the trade-off between confidence and accuracy for predicting
intent. The red numbers above the points represent the confidence threshold for making a
prediction.

Table 2: The confusion matrix of classification results for the Naive Bayes Stack algorithm.
The numbers in each cell are frequency counts derived from the 10-fold cross-validation
procedure.
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Support Research Purchase

3607 894 181 Support
Actual Class333 2977 935 Research

305 818 154 Purchase

Table 3: Chat statistics by intent
Intent probability to accept probability to convert

Purchase 0.2565 0.0878
Research 0.1670 0.0241
Support 0.3732 0.0153
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Figure 2: Stacked bar plots of the chat offer distributions across user intents for the base
model and a model using intent in the building process.
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Figure 1: (right) A bar plot of classification accuracy for each of the algorithms understudy
for 100% coverage of the test samples. (left) A scatter plot of the Naive Bayes Stack
rejection curve, demonstrating the trade-off between confidence and accuracy for predicting
intent. The red numbers above the points represent the confidence threshold for making a
prediction.

Table 2: The confusion matrix of classification results for the Naive Bayes Stack algorithm.
The numbers in each cell are frequency counts derived from the 10-fold cross-validation
procedure.
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Figure 2: Stacked bar plots of the chat offer distributions across user intents for the base
model and a model using intent in the building process.
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Figure 1: (right) A bar plot of classification accuracy for each of the algorithms understudy
for 100% coverage of the test samples. (left) A scatter plot of the Naive Bayes Stack
rejection curve, demonstrating the trade-off between confidence and accuracy for predicting
intent. The red numbers above the points represent the confidence threshold for making a
prediction.

Table 2: The confusion matrix of classification results for the Naive Bayes Stack algorithm.
The numbers in each cell are frequency counts derived from the 10-fold cross-validation
procedure.
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Figure 2: Stacked bar plots of the chat offer distributions across user intents for the base
model and a model using intent in the building process.
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Figure 1: (right) A bar plot of classification accuracy for each of the algorithms understudy
for 100% coverage of the test samples. (left) A scatter plot of the Naive Bayes Stack
rejection curve, demonstrating the trade-off between confidence and accuracy for predicting
intent. The red numbers above the points represent the confidence threshold for making a
prediction.

Table 2: The confusion matrix of classification results for the Naive Bayes Stack algorithm.
The numbers in each cell are frequency counts derived from the 10-fold cross-validation
procedure.
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Table 3: Chat statistics by intent
Intent probability to accept probability to convert
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Figure 2: Stacked bar plots of the chat offer distributions across user intents for the base
model and a model using intent in the building process.
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intents in the base model and a model using intent in the building 
process.

Intent Probability to 
Accept

Probability to 
Convert

Purchase 0.2565 0.0878
Research 0.1670 0.0241
Support 0.3732 0.0153

Exhibit 13

Chat statistics by intent

Model
Offered (% 
of traffic)

Accepted 
(% of 

traffic) Conversions

Base 0.0569 0.0128 0.0409

Intent 0.0521 0.0134 0.0616

Exhibit 15

Chat offer percentages and conversions
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A
lthough the hotel industry has long sought customer feedback to improve its operations, no 

channel has matched the internet for the sheer volume of  comments and ratings. While 

ratings can provide an overall indication of  a guest’s opinion, posted commentaries potentially 

provide a rich vein of  feedback. Unfortunately, information in the commentaries is voluminous 

and unstructured, and is therefore not amenable to analysis using the existing methods that have been 

designed for quantitative data. 

Solving the Online Review Puzzle: 

When Scoring 5 Out of 5 Isn’t Perfect

This paper demonstrates the use of  automated software 
tools that have been designed to analyze large volumes of  text. 
Using TripAdvisor commentaries on hotels in Moscow, Russia, 
this paper shows how to delve into the text of  consumer reviews 
using methods that go beyond word count and overall senti-
ment of  the review text.20 The only major study that employs 
advanced text-mining methods for services was by Ghose et al.21 
Using nouns and noun phrases, they ranked hotels by com-
bining data from text-mining consumer reviews with location 

20 Ludwig, S., de Ruyter, K., Friedman, M., Brüggen, E. C., Wetzels, 
M., and Pfann, G. 2013. More than words: The influence of  affective content 
and linguistic style matches in online reviews on conversion rates. Journal of  
Marketing 77(1), pp. 87-103; and Levy, S. E., Duan, W., and Boo, S. 2013. 
An analysis of  one-star online reviews and responses in the Washington, DC, 
Lodging Market. Cornell Hospitality Quarterly, 54(1), pp. 49-63

21 Ghose, A., Ipeirotis, P. G., and Li, B. 2012. Designing ranking 
systems for hotels on travel search engines by mining user-generated and 
crowdsourced content. Marketing Science 31(3), pp. 493-520.

information and crowd-sourced user-contributed opinions. In 
contrast to that study, this paper analyzes the full text of  the re-
view by means of  probabilistic topic clustering.22 This analytical 
method addresses the two main difficulties of  extracting infor-
mation from the textual content of  consumer reviews, namely, 
the unstructured nature of  guest comments, and the (typically) 
large quantity of  data. These two factors make manual coding 
of  the data an unsuitable process.

The researchers extracted information from TripAdvisor 
reviews of  Moscow’s hotels by using modern text analytic algo-
rithms to convert the unstructured textual data to a structured 
form for statistical analysis. In sum, the results show that the 
users’ comments do not always align completely with their 
numerical satisfaction scores, although reviews that give high 
ratings also contain greater positive sentiment than those with 

22 Blei D. and Lafferty J. 2009. Topic Models, in Text Mining: Classifi-
cation, Clustering, and Applications, ed. Srivastava A. and Sahami M. 
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lower ratings. In particular, the authors find that the numerical 
customer ratings do not tell the whole story and that the infor-
mation embedded in the text can bring additional insights for 
how hotels can improve their operations. Notably, the reviews of  
some hotels that were given a “perfect” score of  5 also contain 
some negative sentiments, a situation which implies that the 
review text can be further used to improve hotel operations. The 
analysis shows emotional density of  the reviews, based on spe-
cific words and number of  exclamation marks. Moreover, cus-
tomer feelings are strongest at either extreme of  the numerical 
ratings. Finally, the reviews can be stratified based on the quality 
of  writing (below high school, high school, college, graduate 
level). Generally speaking, the higher the review’s numerical rat-
ing, the higher the writing quality.

Because each review may refer to several different aspects 
of  a hotel’s operations, the analysis uses topic modeling, an es-
tablished technique from natural language processing, to extract 
components of  the experience the customers are focusing on. 
What the researchers found is that reviews with high numeri-
cal ratings refer to a relatively large number of  minor issues, 
whereas reviews with low ratings focus on a smaller number of  
major issues.

Data and Methods
The analysis looked at TripAdvisor reviews for Moscow’s hotels 
posted in English from January 2012 through December 2013, 
recording the date, customer satisfaction rating, full text of  the 
review, and type of  reviewer (using such categories as business, 
family, solo, or couple). About 60 percent of  the reviews during 
that period were written in English, which resulted in a total of  
7,347 for analysis. The reviews were largely favorable, as 2,582 
had a numerical rating of  5 and another 2,815 had a numerical 
rating of  4.

For the purpose of  this analysis, hotels were grouped into 
thirds according to their mean customer satisfaction score, and 
each set of  reviews was analyzed for three critical areas: (1) style 
of  writing, (2) sentiment, and (3) content. 

Sentiment Analysis
The word count and sentiment provide the most basic summary 
statistics. These are worth noting, since research has shown 
that they are associated with customer decision making and 
product sales.23 Sentiment is gauged according to words found 
in validated databases (called dictionaries). Dictionaries by Liu 
and Nielsen have words scored from -5 (strongly negative) to 
+5 (strongly positive), denoting their sentiment strength.24 For 

23 Hu, N., Koh, N.S., Reddy, S.K. 2014. Ratings lead you to the prod-
uct, reviews help you clinch it? The mediating role of  online review sentiments 
on product sales. Decision Support Systems, pp. 42-53.

24 Liu, B. 2010. Sentiment Analysis and Subjectivity. Handbook of  Nat-
ural Language Processing, Second Edition; and Nielsen, F. Å. 2011. ANEW: 
Evaluation of  a word list for sentiment analysis in microblogs. Workshop on 
Making Sense of  Microposts: Big things come in small packages. pp. 93-98.

instance, “breathtaking” is scored as a 5, “amazing” is scored as 
a 4, “impress” is a 3, “like” is a 2, and “agree” is a 1. The senti-
ment measure is constructed using words with non-zero scores.

Style of  writing. Writing style is determined by 
document length, number of  exclamation marks, and estimated 
reading comprehension level. Reading level is estimated using 
the Flesch-Kincaid Grade Level, which uses such factors as 
sentence length and average number of  syllables per word to 
indicate comprehension difficulty.25 

Topic modeling. Topic modeling refers to a class of  
algorithms that use a probabilistic framework to summarize 
large archives of  text by discovering hidden topics, or themes 
that occur within a set of  documents.26 Taking note that certain 
words are more likely to be used with a particular topic, docu-
ments are composed of  a probabilistic mixture of  topics. Thus, 
the underlying statistical problem is to use the given text data 
to infer the topics (distributions of  words) and decompose each 
document into a mixture of  topics. Extensive work in computer 
science and applied statistics has led to fast and scalable estima-
tion algorithms capable of  handling millions of  documents.27

The topic modeling analysis involves two probability dis-
tributions: focus, which expresses the proportion of  each topic 
found within each review,28 and words related to a topic, that is, 
which words are more likely to be used with each topic. Typi-
cally, the analyst inspects the most frequent words to assign a 
label or meaning to each topic. Topics were modeled separately 
for each comprehension-level tier and each numerical rating.

Results

Sentiment Analysis:  
Even 5-Rated Hotels Have Negative Review Content

Not surprisingly, a review’s sentiment is positively correlated 
with the numerical rating (Exhibit 16), but even 5-point reviews 
contain at least some (moderate) negative sentiment. Exhibit 17 
contains some illustrative excerpts from a few 5-rated reviews.

Writing Styles:  
Best and Worst Experiences Bring Out More Emotions

The analysis found a correlation between writing comprehen-
sion level and the hotel ratings. Middle and high-rated hotels 
have a greater number of  high school and college level reviews 

25 Kincaid, J.P., Fishburne, R.P., Rogers  R.L.,  and  Chissom, B.S. 
1975. Derivation  of   new readability formulas (automated readability index, 
fog count, and Flesch reading ease formula) for navy enlisted personnel. 
Research Branch Report 8-75, Chief  of  Naval Technical Training: Naval Air 
Station, Memphis

26 Blei and Lafferty, op.cit.
27 Blei, op.cit. Software and guidelines are from: Gruen B. and Hornik 

K. 2011. Topic Models: An R Package for Fitting Topic Models. Journal of  
Statistical Software 40(13), pp.1-30.

28 Also known as the Herfindahl Index. See: Rhoades, S. A. (1993). 
Herfindahl-Hirschman Index, The. Fed. Res. Bull., 79, 188.
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• “A 10 minute walk to Red Square (says the 
receptionist)—count on 20 unless you speak 
and read Russian.” 

• “The breakfast was worth the high price 
because everything, everywhere in Moscow is 
high priced.” 

• “My sole complaint, poor TV reception, was 
fixed within a few hours.” 

• “Only not so good, smoking in some areas, but 
in Russia everybody smokes; you need to be 
sure if you don’t smoke you need to ask for 
the non-smoking section everywhere you go.” 

• “Though both the food quality and range are 
fine, it certainly loses out to our St. Petersburg 
hotels (Domina Prestige, Taleon Imperial, and 
Grand Hotel Europe).” 

• “For supermarkets, we had a hard time finding 
one. Finally, found one at the former Hotel 
Moscow, near the Russian State Museum on 
the Red Square (it’s called the Domain Market 
or something?). The other nearby one is 
underneath the classy TSUM Department 
store, but it’s very expensive and you will be 
shocked!” 

Exhibit 17

Negative excerpts from high scoring reviews
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Exhibit 16

Review sentiment stratified by satisfaction 
score
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 Note: Y axis is number of 
reviews.

compared to low-rated hotels (significant at p < .01). Similarly, 
emotional content also varied across the three tiers, as the 
lowest tier of  reviews contained on average 1.8 negative and 
0.6 positive emotional terms, in addition to an average of  0.96 
exclamation marks. The middle-tier reviews contain on average 
1.0 negative and 1.9 positive emotional terms, along with an 
average of  0.58 exclamation marks. For top rated hotels those 
figures were 0.4 negative terms, 3.2 positive terms, and 0.66 
exclamation marks. 

Topic Modeling:  
Identifying Themes in Reviews
The analysis identified 25 topics used to describe the low-rated 
hotels, and 20 topics each for the mid and high-rated hotels. 
The most frequent words across all categories include such 
items as room condition, front-desk service, proximity to public 
transportation and tourist attractions, and amenities, including 
free internet and breakfast (see Exhibit 18). Each rating tier 
also had its own special set of  descriptors. In low-rated hotels, 
keywords included “smell,” “cold,” “secure,” and “just need 
place,” showing that customers’ basic expectations were not met 
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due to noise levels, odor, or temperature. In contrast, high-rated 
hotels’ keywords included “pool,” “lounge,” “buffet,” “perfect or 
best view,” and “star,” indicating that these customers crave an 
overall experience and are less transactional. 

Final Observations
Despite the importance of  customer feedback in the hotel 
industry’s continuous improvement process, a comprehen-
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Exhibit 18

Frequency of words by rating level

Low rated hotels Mid rated hotels High rated hotels

sive characterization of  the customer experience is difficult 
to achieve. This study demonstrates how the text contained 
in online reviews offers an opportunity for a detailed view of  
customers’ comments regarding their hotel stay. Using a large 
dataset from TripAdvisor relating to hotels in Moscow, the study 
shows the value of  software tools that quantify consumer review 
sentiments, identify the emotional content, and extract the main 
topics of  discussion. n
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Conceptualization and Methodology
This paper proposes that knowledge-management intangibles 
which are valued by originating firms would also be valued by 
competitors, who are seeking competitive intelligence. That is 
chiefly true in industries such as pharmaceuticals and software 
where knowledge or data creation are the key to the business. 

The study reports two variations on Tobin’s q,  which 
compares a firm’s market capitalization with replacement cost 
of  assets.29 Market cap to book value of  assets is commonly used 
instead of  replacement cost, because replacement cost is difficult 
to gauge. This study uses market cap to book value and also 
market cap to assets, which leaves out the liability adjustment 
found in book value. Book value of  assets reports those tangible 
assets actually owned by the organization (assets less liabilities). 
Data were taken from the Institutional Brokers’ Estimate System 
(I/B/E/S) and include all firms with at least $1 billion in rev-

29 Tobin, J. & Brainard, W. (1977) “Asset Markets and the Cost of  Capi-
tal,” in Economic Progress, Private Values, and Public Policy: Essays in Honor 
of  William Fellner, ed. Nelson, R. & Balassa, B., North Holland, Amsterdam.

enues listed on North American exchanges from 2005 through 
2009. The study thus had 7,000 observations from over 2,000 
companies, categorized by industry using SIC numbers.

In addition to measuring knowledge and intangibles the 
study applies data from a benchmarking study conducted by 
Fuld & Company, a well-established competitive intelligence 
(CI) consultancy. Data include over 1,000 self-reports from com-
petitive intelligence practitioners concerning the maturity and 
proficiency of  their operations from 2005 through 2009 on a 
scale of  0 to 4.5.The CI Index is a different reading of  the same 
data, a combination of  the level and number reports. Each 
practitioner’s expertise level is added across all responses (two 4s, 
one 3, and one 1 would result in a score of  12 on the index).

Finally, the study presents the volume of  “big data” stored 
by companies in several industries, drawn from a study by 
McKinsey Global Services.30 Stored data is a proxy for big data 
and business analytics potential. As number of  firms varies 

30 Manyika, J., Chui, M., Brown, B., Bughin, J., Dobbs, R., Roxburgh, 
C. & Hung Byers, A. (2011) Big Data: The Next Frontier for Innovation, 
Competition and Productivity, McKinsey Global Institute.

Data, Knowledge, and Intelligence in Hospitality Industries

Scott Erickson and Helen Rothberg

T
his paper compares the overall level of  intangibles in hospitality industries, in the form of  knowledge 

management and intellectual capital, to those other industries. The study also includes the level of  

competitive intelligence in the selected industries. In addition to hotel, restaurant, and gaming 

businesses, the study considers banking, software, and a global database of  many industries.
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SIC: Industry

Cap/
Book 

2005-09
Cap/Assets 

2005-09

Rev/
Assets 

2005-09
CI Rating 
2005-09

CI Index 
2005-09

Stored Data 
(petabytes) 

2008

Stored Data/
Firm 

(terabytes) 
2008

7900: Amusement & 
Recreation Services

2.71 0.91 1.66 4 4 105 150

7011: Hotels & Motels 4.20 1.05 1.09 1 1

5812: Eating Places 3.56 1.56 1.55 3.5 6

7372: Software 3.89 2.14 0.64 4.5 113 715* 1,792*

602: Banking 1.61 0.14 0.07 4.5 50 619 1,931

Global database 2.68 1.02 1.16 1

Exhibit 19

Intangibles metrics for selected industries

*Communications and Media

considerably by industry in the McKinsey report, stored data 
per firm is probably the more insightful of  the indicators.

Results and Discussion
Other than banking, the industries are about equivalent with 
regard to their capitalization to asset ratios (see Exhibit 19). For 
the full database that ratio is 1.02. Hotels and gaming are quite 
close to that, and restaurants are a touch higher, suggesting 
higher levels of  knowledge or intangibles being applied. Look-
ing at capitalization to book value, the data reflect the hotel 
industry’s high asset concentration, which affects comparison 
with other businesses. Asset concentration also drives a low rev-
enue to asset ratio for hotels. Looking at two other asset intense 
industries, software is an industry with high intangibles (on both 
measures), while banking is quite low. Software has done more 
with intangibles relative to its large tangible asset base while 
banking has not. Big data is unambiguously low in the hospital-
ity industries compared to banking and software. The authors 
suggest that this difference occurs principally because services 
don’t have the same level of  supply chain, operational, or 
transactional data constantly coming in as does manufacturing. 
Finally, competitive information is relatively low in the hospital-
ity industries, again compared with the aggressive software and 
banking sectors. 

To assess the hospitality industry’s use of  data and informa-
tion, the researchers apply Kurtz and Snowden’s “sense-making” 
framework, which looks to categorize the organization and 
distribution of  knowledge in different scenarios, as summarized 
by Simard: 31

• Known (common: data and information),

• Knowable (complicated: explicit knowledge),

• Complex (partially knowable: tacit knowledge), and

• Chaos (unknowable: intuition).

This framework highlights the challenge of  making data 
and information (including big data) useful when it is turned 
into knowledge through analysis. Explicit knowledge is easily 
transferred between individuals and locations, providing 
opportunities for knowledge management. Tacit knowledge 
can be turned into explicit knowledge but may need to be 
shared person-to-person. Thus, tacit knowledge doesn’t always 
have the same impact because it must be made manifest. In 
hospitality industries, knowledge management involves both 
explicit and tacit knowledge, but a chief  challenge of  knowledge 

31 Kurtz, C.F. & Snowden, D.J. (2003) “The New Dynamics of  Strategy: 
Sensemaking in a Complex Complicated World”, IBM Systems Journal. 
42(3), 462-483; and Simard, A. (2014) “Analytics in Context: Modeling in a 
Regulatory Environment”, in Proceedings of  the International Conference 
on Analytics Driven Solutions 2014, ed. Rodriguez, E. & Richards, G., 82-92. 
Stewart, T.A. (1997) Intellectual Capital: The New Wealth of  Organizations, 
Doubleday, New York.
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management is the industry’s many dispersed locations and 
the difficulty in gaining employee buy-in and use throughout 
far-flung operations. 

In addition to dispersion, the hospitality industry must 
also motivate contributors to share their knowledge and users 
to apply any new suggestions. A great deal of  this knowledge 
is operational. There is distinct value there, but the tacit or 
intuitive insights leading to higher level tactical or strategic 
knowledge development and application aren’t apparent. The 
industry’s relatively low competitive intelligence scores start 
with the realization that one doesn’t need an advanced com-
petitive intelligence operation to understand what competitors 
may be doing. After all, walking through their facility, joining 
their loyalty programs, or hiring mystery shoppers can provide 
just about full information on competitors’ activities. Beyond 

that, the detailed analysis required for competitive information 
is not especially rewarding, given that the data are mostly avail-
able for observation.

Based on this analysis the researchers see value in careful 
investment in analyzing big data, the price of  which is gradually 
dropping. As time goes on, hospitality firms will find new and 
more valuable applications of  these data. Knowledge manage-
ment must link numerous units, but a challenge arises in encour-
aging employees to use the systems, since many view themselves 
as temporarily in the industry. The industry could develop a 
system of  motivators and reward to encourage both contribu-
tions and withdrawals to the industry’s usable knowledge. n

Acknowledgment: The authors gratefully acknowledge 
Fuld & Company for providing some of the data used in 
this study. 

Optimizing Hotel Group Room Rates

T
his paper examines the challenge of  applying revenue management (RM) to group business, which 

can be a large contributor to many hotels’ revenue streams. The paper moves beyond the simple 

question of  whether to accept a group request, and examines how to price such a request by 

offering an example based on the proprietary GroupREV application. Most studies relating to this 

topic have assumed that the group room rates are already determined, and that the decision to accept the 

group’s business would be based on displacement-cost analysis. In that scenario, group requests can be 

accepted as long as the displaced transient revenue opportunity is less than what would be gained from the 

group revenue opportunity.32 

32 Choi, S. 2006. Groups Revenue Management: A Model for Evaluating Group Profitability. Cornell Hotel and Restaurant Administration Quarterly. Vol. 47, 
Issue 3. 260-271.

Jian Wang
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Displacement cost analysis is usually performed on top of  
hotels’ existing transient RM systems.33 This analysis does not 
help with the determination of  the optimal group rate, however. 
Instead, it only helps to ascertain the minimum acceptable rate. 

The difference between the minimum rate to satisfy 
displacement and the optimal rate that the group is willing to 
pay represents a large and important revenue opportunity. At 
the same time, determining the correct rate for a particular 
group proposal is critical for winning the deal. The calculation 
of  an appropriate group rate is complicated by the relatively 
long booking windows associated with group business, given the 
greater statistical uncertainty over time. The only paper on this 
topic, produced by Hormby et al., described the implementation 
by Marriott International of  a group pricing system, which they 
called Group Pricing Optimizer (GPO).34 That system inte-
grated the processes of  segmenting markets, estimating a price 
response model, and recommending an optimal group rate 
along with negotiating range.

In contrast, the approach described in this paper optimizes 
the room rates for a single group request, using a heuristic ap-
proach which includes the steps of  segmentation, reference rate 
forecasting, price sensitivity estimation, room rate optimization, 
and recommendation. In particular, this approach takes into 
account the fact that hotels already have a revenue management 
system. The case study demonstrates this methodology.

Group Revenue Management  
and the Group Pricing Problem
In addition to their long booking window, group bookings typi-
cally come with a contractual obligation specifying financial 
penalties if  delinquent, may require additional space such as 
meeting rooms, and have less consistent patterns than do tran-
sient business. In part that inconsistency is a function of  the fact 
that transient travelers choose the room they’ll book, whereas 
group travelers generally are picking up rooms in the hotel that 
is hosting the meeting, as chosen by the meeting planner. 

Another consideration for group business is that group pric-
ing is more risky than transient pricing. It’s especially important 
to get group pricing correct. If  a hotel misprices a transient 
room, there’s a loss of  a few room-nights, perhaps, but mispric-
ing group business (and losing the sale) can cost many room-
nights (as well as function proceeds).

Assumptions
Group business can be divided into three types: groups that use 
both rooms and meeting space, groups that use guest rooms 
only, and those that use meeting space only. This paper focuses 

33 Cross, R., Higbie, J. and Cross, D. . Revenue Management’s Renais-
sance: A Birth of  Art and Science of  Profitable Revenue Generation Model. 
Cornell Hotel and Restaurant Administration Quarterly. Vol. 50, Nos. 5-6 (2009),  
pp. 56-81.

34 Hormby et al., op.cit.

on how to optimally price the two group types that book guest 
rooms. In this paper, price sensitivity is specifically defined as the 
winning likelihood, that is, the likelihood that a group will book 
the requested rooms at the room rate quoted. The methodology 
assumes satisfaction of  the following hypotheses: 

• The arrivals of  group requests are independent and 
stochastic.

• Price sensitivity is only dependent on the variables of  group 
market (that is, group type), group (or deal) size (i.e., the 
number of  rooms), room type, days left (i.e., the number of  
days between booking date and arrival date), arrival season, 
and length of  stay. 

• Price sensitivity changes negatively over price. That is, 
fixing all other factors, the likelihood of  winning a group 
will diminish as the quoted room rate increases.

• Groups can be segmented by price sensitivity. The segmen-
tation will be complete and exclusive, such that the groups 
within the same segment have similar price sensitivity and 
the groups in different segments have distinctly different 
price sensitivities. In addition, the acceptance of  a  group 
request is also subject to the availability of  rooms, which is 
influenced by the bookings of  transient travelers and other 
groups.

Heuristic Approach
A group not only competes with all transient guests and other 
groups for the same guest rooms but may also compete with 
other groups for the same meeting space. Ideally, the optimiza-
tion of  room rates for all group and transient business should 
be solved simultaneously, but that is not possible in the current 
environment, particularly given that hotels already have revenue 
management systems in place. That is the reason for proposing 
the heuristic approach that aims to optimize the room rates for 
each individual group. This approach allows hotels to keep their 
existing transient RM systems intact while optimizing the group 
rates.

This approach starts by segmenting groups according to 
their rate ratio, which is the group rate divided by the reference 
rate, followed by the forecasting of  reference rates. The analysis 
estimates a price sensitivity model for each group segment and 
optimizes the resulting rate ratio. Then, the optimal room rates 
are recommended for each group request. The processes in this 
approach are outlined as follows.

Segmenting Groups
The segmentation of  groups is performed using CHAID (Chi-
squared Automatic Interaction Detection). Independent vari-
ables are group market, group size, room type, days left, arrival 
season, and length of  stay. The dependent variable reflects the 
groups’ price sensitivity. Like that of  Hormby and colleagues, 



26   Cornell Hospitality Research Summit Data Presentations  • The Center for Hospitality Research • Cornell University

this analysis uses the variable of  win rate, in-
dicating whether a group’s business was won 
or lost.35 This paper proposes a rate ratio as 
the dependent variable, which is defined as 
the ratio of  group rates over reference rates. 
Group rates here include the quoted rates for 
lost deals and rates paid for won deals. Refer-
ence rates represent a base rate around which 
historical won rates used to vary and future 
won rates might vary. Rate ratios thus defined 
can be understood as the normalized group 
rates with respect to the won rates in market. 
In practice, hotels may classify groups roughly 
based on their business knowledge. For 
example, groups are often pre-classified into 
a number of  group market segments such as 
government, national associations, corporate 
meetings, and local social events. To incor-
porate this business knowledge, segmentation 
will be performed underneath each individual 
group market.

Forecasting Reference Rates 
Reference rate forecast at an arrival date t can be estimated with 
a reference rate forecast

 (t) = At ∗ Rt  ∗ (1 + Tt ), 
where the term of  Rt denotes the seasonality of  won group rates, 
Tt the projected trend, and At the average of  de-seasonalized 
won group rates.36 These terms can be estimated by building a 
regression model and weighted averaging.

Estimating Price Sensitivity
For each group segment, the price sensitivity at a rate ratio c 
can be expressed as:

where the unknown parameters b0 and b1 can be estimated by 
building a logistic regression model with the observations of  the 
number of  won deals, and the total number of  quotes.

Optimizing Rate Ratio
Given any group segment, the optimal rate ratio c* can be opti-
mized by solving the following optimization model:

35 Hormby, S., Morrison, J., Dave, P., Meyers, M. and Tenca, T. 2010. 
Marriott International Increases Revenue by Implementing a Group Pricing 
Optimizer. Interface. Vol. 40, No. 1. 47-57

36 Holt-Winter multiplicative method.

where c denotes the range of  admissible rate ratios for the seg-
ment. Phillips applied a variation of  this model.37

The closing of  a group deal results from a negotiation pro-
cess. Regardless of  the optimization results, hotels do not want 
their group sales staffs to quote rates that are too low or too high. 
As a result, floor rate ratio and ceiling rate ratio are preferred 
for creating a range within which the sales team can negotiate as 
necessary. A floor rate ratio can be estimated in part as the max 
of  the break-even point at which the group revenue gained be-
comes no less than the transient revenue lost, based on displace-
ment cost analysis. The selection of  the actual floor ratio can be 
subjective, but should reflect a pricing strategy. The higher the 
ratio, the more aggressive the strategy. The ceiling rate ratio can 
be driven by a benchmark strategy, in which a relatively high 
rate ratio is the starting point for negotiations. This rate is also 
subjective, but again is part of  the hotel’s strategy, depending on 
how aggressive or conservative the sales staff might be. A con-
servative approach, for instance, might involve choosing the 5th 
percentile of  won rate ratios as the floor and the 95th percentile 
as the ceiling rate ratio. 

Recommendation of  Optimal Room Rates
After the optimal, floor, and ceiling rate ratios are estimated, the 
determination of  optimal, floor, and ceiling rates for a group re-
quest will be straightforward. For an incoming quote those rates 
can be derived as the products of  the corresponding optimal, 
floor, and ceiling ratios, by the reference rate forecast at the time 
at which the group desires to arrive.

37 Phillips, R. L. 2005. Pricing and Revenue Optimization. Stanford 
University Press, Palo Alto, CA.
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2.3.3 Estimation of Price Sensitivity 
For each group segment, the price sensitivity at a rate ratio  can be expressed as 

Winning	Likelihood	 =
exp	 +  ∗ 
1 + exp	 +  ∗ 

 

Where the unknown parameters  and  can be estimated by building a logistic regression model with 
the observations of the number of won deals, and the total number of quotes. 

2.3.4 Optimization of Rate Ratio 
Given any group segment, the optimal rate ratio ∗can be optimized by solving the following 
optimization model 

Expected	Revenue∗ = max
∈
Winning	Likelihood	 ∗  

Where  denotes the range of admissible rate ratios for the segment.  A variation of this model can be 
found in Phillips (2005).  

The closing of a group deal results from a negotiation process.  Regardless of the optimization results, 
hotels do not want their group sales staffs to quote rates that are too low or too high.  As a result, floor 
rate ratio and ceiling rate ratio are preferred in an effort to provide the sales team with a range from 
which they can negotiate as necessary.  A floor rate ratio can be estimated as the max of two rate ratios.  
The first rate ratio is a break-even point at which the group revenue gained becomes no less than the 
transient revenue lost.  It can be estimated by the displacement cost analysis. The second rate ratio 
reflects a pricing strategy. The selection of its value is kind of subjective. The higher the ratio, the more 
aggressive the strategy. The ceiling rate ratio, on the other hand, suggests a higher rate ratio from which 
the negotiation process can start. Its selection is also subjective depending on how aggressive or 
conservative the sales staffs are.  For instance, the choosing of 5th and 95th percentiles of won rate ratios 
as floor and ceiling rate ratios respectively might represent a conservative pricing strategy. 

2.3.5 Recommendation of Optimal Room Rates 
After the optimal, floor and ceiling rate ratios are estimated, the determination of optimal, floor and 
ceiling rates for a group request will be straight.  Specifically, the optimal, floor and ceiling rates for an 
incoming quote can be derived as the products of the optimal, floor and ceiling ratios, respectively, by 
the reference rate forecast at the time at which the quote desires to arrive. 

3.Case Study 
This case study illustrates the pricing of group rates with GroupREV™, a group pricing system 
implemented by The Rainmaker Group.  We selected a high end resort located on the West Coast of the 
United States of America.  This resort has 444 rooms with a roughly equal mix of transient and group 
business. Group rates range from $90 to $250.  Amenities include spa treatments, a golf course and fine 
dining as well as meeting space specifically catered for group business.  

A dataset consists of 3335 quote requests that the resort responded between January 5th, 2011 and 
December 2nd, 2014.  The requests are split into four group markets: Corporate (1889 requests), 
National Association (379 requests), State and Regional Association (232 requests) and Other (835 
requests).  For example, the market Other includes the groups referred as SMERF (Social, Military, 
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Where the unknown parameters  and  can be estimated by building a logistic regression model with 
the observations of the number of won deals, and the total number of quotes. 

2.3.4 Optimization of Rate Ratio 
Given any group segment, the optimal rate ratio ∗can be optimized by solving the following 
optimization model 

Expected	Revenue∗ = max
∈
Winning	Likelihood	 ∗  

Where  denotes the range of admissible rate ratios for the segment.  A variation of this model can be 
found in Phillips (2005).  

The closing of a group deal results from a negotiation process.  Regardless of the optimization results, 
hotels do not want their group sales staffs to quote rates that are too low or too high.  As a result, floor 
rate ratio and ceiling rate ratio are preferred in an effort to provide the sales team with a range from 
which they can negotiate as necessary.  A floor rate ratio can be estimated as the max of two rate ratios.  
The first rate ratio is a break-even point at which the group revenue gained becomes no less than the 
transient revenue lost.  It can be estimated by the displacement cost analysis. The second rate ratio 
reflects a pricing strategy. The selection of its value is kind of subjective. The higher the ratio, the more 
aggressive the strategy. The ceiling rate ratio, on the other hand, suggests a higher rate ratio from which 
the negotiation process can start. Its selection is also subjective depending on how aggressive or 
conservative the sales staffs are.  For instance, the choosing of 5th and 95th percentiles of won rate ratios 
as floor and ceiling rate ratios respectively might represent a conservative pricing strategy. 

2.3.5 Recommendation of Optimal Room Rates 
After the optimal, floor and ceiling rate ratios are estimated, the determination of optimal, floor and 
ceiling rates for a group request will be straight.  Specifically, the optimal, floor and ceiling rates for an 
incoming quote can be derived as the products of the optimal, floor and ceiling ratios, respectively, by 
the reference rate forecast at the time at which the quote desires to arrive. 

3.Case Study 
This case study illustrates the pricing of group rates with GroupREV™, a group pricing system 
implemented by The Rainmaker Group.  We selected a high end resort located on the West Coast of the 
United States of America.  This resort has 444 rooms with a roughly equal mix of transient and group 
business. Group rates range from $90 to $250.  Amenities include spa treatments, a golf course and fine 
dining as well as meeting space specifically catered for group business.  

A dataset consists of 3335 quote requests that the resort responded between January 5th, 2011 and 
December 2nd, 2014.  The requests are split into four group markets: Corporate (1889 requests), 
National Association (379 requests), State and Regional Association (232 requests) and Other (835 
requests).  For example, the market Other includes the groups referred as SMERF (Social, Military, 
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Expected Revenue (x*) =

Exhibit 20

Reference rate estimates and observations
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Educational, Religious and Fraternal) as well as tour operators.  Of the four markets, Corporate is the 
largest one, on which our study is focused.  

Figure 1 illustrates the estimates of reference rate along with historically won rates via a regression 
model. In terms of rate magnitude, the high season runs from January to May and the low one from 
May to September.  Other months are considered to be shoulder seasons.  Figure 2 illustrates five 
segments, each of which lists the total number of requests, the number and percentage of won requests 
and the median win rate ratio. The segmentation segregates requests for short lengths of stay (segment 
1 and 2), and further splits the longer stays between large group requests (segment 5), small group 
request booking early (segment 4) and small group requests booking late (segment 3).  

  

Figure 1. Reference rate estimates and observations  Figure 2. Group segmentation for Corporate market 

Table 1 summarizes the estimates of floor, ceiling and optimal rate ratios.  For example, group requests 
for longer stays (3 and more days) and smaller groups (30 and less rooms in average) are further sub-
segmented between late and early requests. The optimization indicates that early requests (segment 4) 
are more price sensitive than late ones (segment 3).  As a result, a higher rate ratio is optimized (126.9% 
as opposed to 84.2%).  This is consistent with business intuition that price should increase as we get 
closer to the day of arrival.  In addition, Segment 5, which includes larger groups for longer lengths of 
stay, is deemed more sensitive to price, and the optimization recommends lowering the rate ratios to 
61.3%.  The market for large corporate groups is known to be highly competitive with these group leads 
being distributed to a large number of hotels.  The recommendation thus derived directionally reflects 
the business sense.  A similar intuition acknowledges that requests for short lengths of stay are also 
more competitive which is in line with the results for segment 1 (77.5%) and segment 2 (88.5%).  Finally, 
Table 1 shows the floor and ceiling rate ratios as the 5th and 95th percentiles of won deals, respectively, 
along with the clipped optimal ratios.  

Table 1. Estimates of floor, ceiling and optimal rate ratios 

Segment  Floor ratio (5th) Ceiling ratio (95th) Optimum ratio Clipped ratio 

1 76.0% 124.3% 77.5% 77.5% 
2 77.9% 135.7% 88.5% 88.5% 
3 74.5% 148.6% 126.9% 126.9% 
4 86.7% 170.4% 84.2% 86.7% 
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on corporate, which is the largest of  the 
four markets.

Exhibit 20 (on the previous page) 
illustrates the estimates of  reference 
rate along with historical won rates 
via a regression model. The high rate 
season runs from January to May, and 
low season from May to September, 
while October through December are 
shoulder months. Exhibit 21 illustrates 
five corporate segments, showing the 
total number of  requests, the number 
and percentage of  won requests, and 
the median win rate ratio. The seg-
mentation segregates requests for short 
lengths of  stay (segment 1 and 2), and 
further splits the longer stays between 
large group requests (segment 5), small 
group requests booking early (segment 
4), and small group requests booking 
late (segment 3). Group requests for 
longer stays (3 and more days) and 

smaller groups (30 and less rooms in average) are further sub-
segmented between late and early requests.

Although the specific analysis is proprietary, a sample out-
come is shown in Exhibit 22, which summarizes the estimates of  
floor, ceiling, and optimal rate ratios. The optimization indicates 
that early requests (segment 4) are more price sensitive than late 
ones (segment 3). As a result, a higher rate ratio is optimized 
(126.9% as opposed to 84.2%). This is consistent with business 
intuition that price should increase as we get closer to the day 
of  arrival. In addition, Segment 5, which includes larger groups 
for longer lengths of  stay, is deemed more sensitive to price, and 
the optimization recommends lowering the rate ratios to 61.3 
percent. The market for large corporate groups is known to be 
highly competitive, and so the recommendation thus derived 
reflects the business sense. A similar intuition acknowledges 
that requests for short lengths of  stay are also more competi-
tive, which is in line with the results for segment 1 (77.5%) and 
segment 2 (88.5%).

Conclusions
Mathematically speaking, the group room rates thus “opti-
mized” are in fact sub-optimal. They are an approximation of  
the global optimization for the mix of  group and transient. In 
consideration of  the fact that group business is highly negotiated, 
such “optimal” rates appear to be superior to the rates that are 
determined based purely on business rules in many hotels. As 
an effort to further improve this approach, research is underway 
to optimize the rates for all groups simultaneously, where group 
demand forecasting and meeting space will be considered in 
the model. Furthermore, the global optimization of  the mix of  
group and transient will be investigated. n
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Educational, Religious and Fraternal) as well as tour operators.  Of the four markets, Corporate is the 
largest one, on which our study is focused.  

Figure 1 illustrates the estimates of reference rate along with historically won rates via a regression 
model. In terms of rate magnitude, the high season runs from January to May and the low one from 
May to September.  Other months are considered to be shoulder seasons.  Figure 2 illustrates five 
segments, each of which lists the total number of requests, the number and percentage of won requests 
and the median win rate ratio. The segmentation segregates requests for short lengths of stay (segment 
1 and 2), and further splits the longer stays between large group requests (segment 5), small group 
request booking early (segment 4) and small group requests booking late (segment 3).  

  

Figure 1. Reference rate estimates and observations  Figure 2. Group segmentation for Corporate market 

Table 1 summarizes the estimates of floor, ceiling and optimal rate ratios.  For example, group requests 
for longer stays (3 and more days) and smaller groups (30 and less rooms in average) are further sub-
segmented between late and early requests. The optimization indicates that early requests (segment 4) 
are more price sensitive than late ones (segment 3).  As a result, a higher rate ratio is optimized (126.9% 
as opposed to 84.2%).  This is consistent with business intuition that price should increase as we get 
closer to the day of arrival.  In addition, Segment 5, which includes larger groups for longer lengths of 
stay, is deemed more sensitive to price, and the optimization recommends lowering the rate ratios to 
61.3%.  The market for large corporate groups is known to be highly competitive with these group leads 
being distributed to a large number of hotels.  The recommendation thus derived directionally reflects 
the business sense.  A similar intuition acknowledges that requests for short lengths of stay are also 
more competitive which is in line with the results for segment 1 (77.5%) and segment 2 (88.5%).  Finally, 
Table 1 shows the floor and ceiling rate ratios as the 5th and 95th percentiles of won deals, respectively, 
along with the clipped optimal ratios.  

Table 1. Estimates of floor, ceiling and optimal rate ratios 

Segment  Floor ratio (5th) Ceiling ratio (95th) Optimum ratio Clipped ratio 

1 76.0% 124.3% 77.5% 77.5% 
2 77.9% 135.7% 88.5% 88.5% 
3 74.5% 148.6% 126.9% 126.9% 
4 86.7% 170.4% 84.2% 86.7% 

Page 5 of 7

http://ss.pubs.informs.org/

Service Science

1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38
39
40
41
42
43
44
45
46
47
48
49
50
51
52
53
54
55
56
57
58
59
60

Exhibit 21

Group segmentation for corporate market

Segment
Floor ratio 

(5th)

Ceiling 
ratio 

(95th)
Optimum 

ratio
Clipped 

ratio

1 76.0% 124.3% 77.5% 77.5%

2 77.9% 135.7% 88.5% 88.5%

3 74.5% 148.6% 126.9% 126.9%

4 86.7% 170.4% 84.2% 86.7%

5 79.0% 137.0% 61.3% 79.0%

Exhibit 22

Estimates of floor, ceiling, and optimal rate 
ratios

Case Study 
This case study illustrates the pricing of  group rates using 
GroupREV™, a group pricing system implemented by The 
Rainmaker Group. This hotel is a high-end, 444-room resort 
located on the U.S. west coast, with a roughly equal mix of  tran-
sient and group business. Group rates range from $90 to $250. 
Amenities include spa treatments, a golf  course, and fine dining, 
as well as meeting space specifically catered for group business.

The study’s dataset consists of  3,335 quote requests that 
the resort answered between January 5, 2011, and December 2, 
2014. The requests are split into four group markets: corporate 
(1,889 requests), national association (379 requests), state and 
regional association (232 requests), and other (835 requests). 

“Other” groups include SMERFs (social, military, educational, 
religious, and fraternal) and tour operators. The study focuses 
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S
tudies of  innovation in service firms suggest that implementation of  those innovative ideas rests 

in large part on a learning curve for the organization—a learning curve that is subdivided to 

include both employees and customers. Models of  service innovations conceptualize the 

implementation of  product innovation as an evolutionary process that sees improved performance 

over time through organizational learning. 

Parallel Play:
 

How Hotels’ Organizational Learning Depends on Two Different 
Learning Curves

In the process of  organizational learning, organizations 
encode knowledge and experience into routines with a goal of  
increasing performance.38 Numerous studies have shown that 
learning by doing increases a firm’s performance over time,39 
but the context and contingencies of  that learning remain open 
to examination.40 The contingencies of  organizational learning 
are the focus of  this study.

Organizational learning for service firms is complicated 
by the fact that the service providers and the customers jointly 
co-produce a service and each group has a learning curve.41 

38 Barras, R., 1986. Towards a theory of  innovation in services. 
Research Policy 15, 161–173; Gallouj, F., Savona, M., 2009. Innovation in 
services: A review of  the debate and a research agenda. Journal of  evolution-
ary economics 19, 149–172; and Levitt, B., March, J.G., 1988. Organizational 
Learning. Annual Review of  Sociology 14, 319–340.

39 Beginning with: Wright, T.P., 1936. Factors affecting the cost of  
airplanes. Journal of  the Aeronautical Science 3, 122–128.

40 Argote, L., Miron-Spektor, E., 2011. Organizational learning: From 
experience to knowledge. Organization Science 22, 1123–1137; and Lapré, 
M.A., Nembhard, I.M., 2011. Inside the organizational learning curve: Un-
derstanding the organizational learning process. Now Publishers.

41 See, for example, Sampson, S.E., Froehle, C.M., 2006. Foundations 
and implications of  a proposed Unified Services Theory. Production and 
Operations Management 15, 329–343.; and Spohrer, J., Maglio, P.P., 2008. 
The Emergence of  Service Science: Toward Systematic Service Innovations 
to Accelerate Co-Creation of  Value. Production and operations management 
17, 238–246.

This study examines the link between organizational learning 
and innovation by considering the basic factors of  service 
production, including the service concept, people, experience, 
and institutional context.42 The study’s goal is to understanding 
the role of  organizational learning during the implementation 
of  service innovation.43

Research Question, Framework, and Hypotheses
This study goes beyond simply measuring the experience–
performance relationship and instead seeks to determine the 
elements controlling the context and learning mechanisms to 
achieve desired performance outcomes. The primary research 
question is: How do learning effects vary depending on the 
service context? Two active organizational context factors 
are immediately apparent:44 (1) the configuration of  service 

42 For example, see: Brown, J.S., Duguid, P., 1991. Organizational 
Learning and Communities-of-Practice: Toward a Unified View of  Working, 
Learning, and Innovation. Organization Science 2, 40–57.

43 Van de Ven, A.H., 1986. Central Problems in the Management of  
Innovation. Management Science 32, 590–607.

44 Argote and Miron-Spektor, op.cit.; Damanpour, F., 1991. Organiza-
tional Innovation: A Meta-Analysis of  Effects of  Determinants and Modera-
tors. The Academy of  Management Journal 34, 555–590; and Damanpour, 
F., 1996. Organizational complexity and innovation: developing and testing 
multiple contingency models. Management science 42, 693–716.

Jie Zhang, Nitin Joglekar, Rohit Verma
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co-production between the service provider and customers;45 
and (2) the volume and variety characteristics of  the service 
concept.46 The model tested here conceptualizes an interaction 
of  these two fundamental characteristics of  service operations 
with operating experience to influence performance at the 
operating unit level. Exhibit 23 depicts the framework and 
associated hypotheses.

In summary, the hypotheses depicted in the model are as 
follows:

H1a There is a positive relationship between operating 
experience (EXP) and performance.

H1b There is a diminishing return in performance from 
experience.

H1a and H1b test the positive link between experience and 
performance, together with the potential diminishing return as 
learning advances. There is empirical evidence of  both effects, 

45 For example, Chase, R.B., Tansik, D.A., 1983. The customer contact 
model for organization design. Management Science 29, 1037–1050; and 
Sampson and Froehle, op.cit.

46 For example, Johnston, R., Clark, G., Shulver, M., 2012. Designing 
the service process, in: Service Operations Management: Improvig Service 
Delivery. Pearson Education Limited, Essex, England; and Silvestro, R., 
Fitzgerald, L., Johnston, R., Voss, C., 1992. Towards a classification of  service 
processes. International Journal of  Service Industry Management 3, 62–75.

and thus it is expected that the coefficients will change when the 
contextual factors are included in the model. 47

H2a Increase in the cost efficiency of  service provider 
(ODF) increases performance.

H2b There is a positive interaction effect between experi-
ence and ODF.

H3a Increase in the cost efficiency of  customers (CDF) 
decreases performance.

H3b There is a negative interaction effect between experi-
ence and CDF.

H2a&b and H3a&b account for the co-produced nature 
of  service operation, given that both the service provider and 
the customer participate in the service production process.48 

47 For example, Lapre, M.A., Scudder, G.D., 2004. Performance im-
provement paths in the US airline industry: Linking trade-offs to asset frontiers. 
Production and Operations Management 13, 123–134.

48 Bettencourt, L.A., Ostrom, A.L., Brown, S.W., Roundtree, R.I., 2002. 
Client co-production in knowledge- intensive business services. California 
Management Review 44, 100–128; Fitzsimmons, J.A., Fitzsimmons, M.J., 
2008. Service management: operations, strategy, and information technology, 
Sixth. ed. Irwin/McGraw-Hill; Ford, R.C., Heaton, C.P., 2001. Managing 
your guest as a quasi-employee. Cornell Hotel and Restaurant Administration 
Quarterly 42, 46–55; Sampson and Froehle, op.cit.; and Tsai, W., Verma, R., 
Schmidt, G., 2008. New service development, in Handbook of  New Product 
Development Management. ed. Loch, C., Kavadias, S. (Amsterdam: Elsevier), 
pp. 495–526.
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2 
 

Research Question, Framework and Hypotheses 

Our primary research question is: How do learning effects vary depending on the service context? We 
identify two active organizational context factors (Argote and Miron-Spektor, 2011; Damanpour, 1996, 
1991) from service operations literature: (1) the configuration of service co-production between the 
service provider and customers (for example, Chase and Tansik, 1983; Sampson and Froehle, 2006); and 
(2) the volume and variety characteristics of the service concept (for example, Johnston et al., 2012; 
Silvestro et al., 1992).  We conceptualize that these two fundamental characteristics of service operations 
actively interact with operating experience and influence performance at the operating unit level.  Figure 
1 depicts the framework and associated hypotheses.  

Figure 1. Conceptual framework of learning contingent on the fundamental characteristics of co-
productive service systems 

 
Notes: Summary of hypotheses 
H1a.   There is a positive relationship between operating experience (EXP) and performance. 
H1b. There is a diminishing return in performance from experience.   
H2a.   Increase in the cost efficiency of service provider (ODF) increases performance. 
H2b. There is a positive interaction effect between experience and ODF.  
H3a. Increase in the cost efficiency of customers (CDF) decreases performance. 
H3b. There is a negative interaction effect between experience and CDF.  
H4a. There is a negative relationship between service variety and performance. 
H4b. There is a negative interaction effect between experience and service variety.  
H5a.   There is a positive relationship between service volume and performance. 
H5b. There is a negative interaction effect between experience and service volume.  

 
H1ab These two hypotheses test the positive link between experience and performance and potential 
diminishing return from learning.  There are empirical evidence of both effects (for example, Lapre and 
Scudder, 2004). We expect the coefficients to change when the contextual factors are included in the 
model.  

H1a 

H1b 

H3a 

H2a 

H2b 

H3b 

H4a 

H5a 

H5b 

H4b 
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 H2a. Increase in the cost efficiency of 
service provider (ODF) increases 
performance.

 H2b. There is a positive interaction effect 
between experience and ODF.

 H3a. Increase in the cost efficiency of 
customers (CDF) decreases 
performance.

 H3b. There is a negative interaction 
effect between experience and CDF.

 H4a. There is a negative relationship 
between service variety and 
performance.

 H4b. There is a negative interaction 
effect between experience and 
service variety.

 H5a. There is a positive relationship 
between service volume and 
performance.

Exhibit 23

Conceptual framework of organizational learning

 Summary of hypotheses
 H1a. There is a positive relationship between operating experience (EXP) and 

performance.
 H1b. There is a diminishing return in performance from experience.

 H5b. There is a negative interaction effect between experience and service volume.
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Variability introduced by the customer has long been recognized 
as a barrier to consistent service quality at sustainable cost.49 
Service organizations typically address this issue by setting pri-
orities according to the levels of  customer influence in different 
areas of  the service operations. For example, researchers and 
practitioners alike have recommended using service blueprinting 
as a service design and quality management tool based on the 
varying levels of  customer influence in a service process.50 The 
underlying learning process is affected by the differential mix of  
service efforts from the service provider and the customers. 

H4a There is a negative relationship between service vari-
ety and performance.

H4b There is a negative interaction effect between experi-
ence and service variety.

H5a There is a positive relationship between service vol-
ume and performance.

H5b There is a negative interaction effect between experi-
ence and service volume.

Finally, H4a&b and H5a&b aim to provide empirical 
understanding of  how learning is moderated by the character-
istics of  the service concept. The dominant design of  a service 
concept varies in its configuration of  volume and variety across 
individual operating units.51 The configuration is aimed at 
targeting customers’ needs in a particular hotel. For example, 
some customers enjoy a variety of  high-touch services, while 
others prefer no frills. Organizational learning will be different 
for services designed to satisfy such varying demands. 

Research Method
The study tests these hypotheses using operating data from 822 
U.S. hotel properties over an 11-year period (2001– 2011). The 
data are drawn from the PKF Hospitality Research (PKF-HR) 
database of  revenue and expense items, in accordance with Uni-
form System of  Accounts for the Lodging Industry (USALI). The dataset 
used in this study focuses on the following operating expense 
categories: labor costs, utilities, material expenses, and mainte-

49 For example, Chase and Tansik, op.cit.; Frei, F.X., 2006. Breaking the 
trade-off between efficiency and service. Harvard Business Review 84, 92–103.

50 George, W.R., Gibson, B.E., 1991. Blueprinting–A tool for manag-
ing quality in service, in: Brown, S.W., Gummesson, E., Edvardsson, B., 
Gustavsson, B. (Eds.), Service Quality: Multidisciplinary and Multinational 
Perspectives. Lexington Books, Lexington, MA, pp. 73–91; Shostack, G.L., 
1982. How to Design a Service. European Journal of  Marketing 16, 49–63; 
and Shostack, G.L., 1984. Designing services that deliver. Harvard business 
review 62, 133–139.

51 Goldstein, S.M., Johnston, R., Duffy, J., Rao, J., 2002. The service 
concept: the missing link in service design research? Journal of  Operations 
management 20, 121–134; Utterback, J.M., Abernathy, W.J., 1975. A dynamic 
model of  process and product innovation. Omega 3, 639–656; (Johnston et al., 
op.cit.; Silvestro et al., op.cit.; Sousa, R., Voss, C.A., 2001. Quality Management: 
Universal or Context Dependent? Production and Operations Management 
10, 383–404.

Sample 
(2011 
Data)

American Hotel & 
Lodging 

Association (2011 
National Data)

Number of properties 822 51,214 
Revenue per available 
room 

$ 85.65 $ 61.05 

Average Daily Rate (ADR) $ 96.41 $ 101.70
Average Occupancy 68.15% 60.00%
ADR<$30 0.61% 0.80%
ADR $30-44.99 9.00% 9.23%
ADR $45-59.99 16.79% 28.58%
ADR $60-$85 25.43% 29.87%
ADR Over $85 48.18% 33.47%

Exhibit 24

Sample characteristics compared to national 
data

nance costs. The analysis controls for differences in hotel size 
and complexity by including operating profit margin, capital, 
and size of  operations. Exhibit 24 reports the sample character-
istics, as compared with the national statistics.

The U.S. hotel industry has a long tradition of  organiza-
tional learning to sustain competitiveness,52 but its high turnover 
(60% by one estimate) makes knowledge creation, retention, and 
transfer difficult. The study adopts the conventional form of  
learning curve:  

y = a x𝑏 ,

where y is the performance measure, x is the cumulative experi-
ence and b is a parameter capturing the rate of  change in 
performance. Log-linear transformation results in an additive 
form. The researchers follow Ingram and Simons and measure 
performance by operating profit margin of  individual hotel sites 
normalized by labor cost, that is, annual gross operating profit 
margin divided by total labor expense (log transformed).53 

The characteristics of  a service concept are developed from 
the hotel property types because each property type offers a 
specific set of  amenities and service levels to satisfy their target 
customers. The independent variables are operating experi-

52 Baum, J.A., Ingram, P., 1998. Survival-enhancing learning in the 
Manhattan hotel industry, 1898–1980. Management Science 44, 996–1016; 
and Ingram, P., Baum, J.A., 1997. Opportunity and constraint: Organizations’ 
learning from the operating and competitive experience of  industries. Strate-
gic Management Journal 18, 75–98.

53 Ingram, P., Simons, T., 2002. The transfer of  experience in groups of  
organizations: Implications for performance and competition. Management 
Science 48, 1517–1533.
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ence, service concept characteristics, and service co-production 
configuration.

Using the approach described in Zhang et al., the study 
derives a two-factor measure of  production-cost efficiency from 
operating expenses: an operations-driven factor (ODF) and 
customer-driven factor (CDF).54 These two expense-based fac-
tors are developed using accounts specified in the USALI. The 
operations-driven factor weighs more on utilities (electricity 
and water) and maintenance expenses, since these expenses are 
generally under the control of  management regardless of  the 
number of  rooms occupied. On the other hand, the customer-
driven factor reflects guest occupancy levels, because it weighs 
most heavily on supplies used in rooms and food and beverage 
departments, which typically vary with occupancy. 

54 Zhang, J.J., Joglekar, N.R., Verma, R., 2010. Developing Measures 

for Environmental Sustainability in Hotels: An Exploratory Study, Cornell 

Hospitality Report 10 (8); and Zhang, J.J., Joglekar, N.R., Verma, R., 2012. 

Pushing the frontier of  sustainable service operations management: Evidence 

from US hospitality industry. Journal of  Service Management 23, 377–399.

Results 
Although the passage of  time has an influence on organiza-
tional learning, we see no effect on customer learning over time 
(Exhibit 25). The results are consistent across the five models, 
and we interpret the results from the full model, Model 4 (R2 = 
0.526) as follows. 

Although the positive link between experience and per-
formance is verified in the non-contingent Model 3, with slight 
diminishing returns, the interaction effects overwhelm the main 
effect of  experience in Model 4. The evidence suggests that 
mechanisms other than the passage of  time contribute to the 
experience–performance link depicted by the learning curve.

Performance benefits from service concepts with high 
volume or variety (H4a, H5a). However, the learning effects are 
dampened as volume and variety increase (H4b, H5b).

Learning by the service provider (ODF) increases perfor-
mance (H2a), and the increase in operating experience further 
strengthens the effect (H2b). The opposite effects (H3ab) are 
found for the customers (CDF). 

Control variables. Operating units with more assets 
achieve higher profitability per labor dollar. High labor 
expenses hurt profitability, and the economies of  scale effect is 
not supported. 

DV: LGOL Base Model 1 Model 2 Model 3 Model 4

Independent 
Variables

Service-volume 0.009 0.011 0.026 0.229
Service-variety 0.031 0.042 0.014 0.103
Operations-driven factor (ODF) -0.038 -0.045 -0.071
Customer-driven factor (CDF) 0.002 -0.007 0.061
Experience 0.157 0.006
Experience-Squared -0.006 0.001
Experience * ODF 0.002
Experience * CDF -0.005
Experience * Service-volume -0.018
Experience * Service-variety -0.008

Controls

Capital 0.007 0.007 0.008 0.008 0.009
Labor -0.051 -0.046 -0.086 -0.114 -0.109
Number of rooms -0.018 -0.015 0.010 0.002 0.014

Constant 3.282 3.182 3.611 2.984 3.694

Adjusted R2 0.30 0.34 0.49 0.49 0.526

Exhibit 25

Regression coefficients

 Note: Coefficients in bold face are statistically significant at p < .05. 
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Discussion and Conclusion 
On balance we found that organizational learning does occur 
over time, but this is because employee-driven factors improve, 
and not because customers “learn” how to do their part in ser-
vice co-production. The data confirm the difficulties of  learning 
in complex hotel organizations.

Variegated rates of  service learning. Services 
that are more intensive and variable create higher barriers 
for learning, as suggested in the taxonomy in Exhibit 26. The 
positive main effects of  the service concept characteristics 
coupled with the negative coefficients for their interactions 
with experience underscore the complex relationship between 
learning and innovation. Although new services with higher 
intensity and variety directly boost performance, they also 
result in higher barriers for learning. For example, technology 
innovations such as a customer relationship management system 
hold promise to personalize customer experience, but such an 
innovation’s successful implementation is often elusive. Future 
research should benefit from investigating issues related to 
balancing the innovativeness of  design choices and their ease of  
learning.

The co-production learning paradox. The positive 
link between experience and performance holds for service 
providers but not for customers. This is depicted in the main 
effects for ODF and CDF and their interactions with experi-
ence, which display coefficients with opposite signs. Consistent 
with other studies, the service provider’s efficiency increases as 
experience increases over time. Part of  this improvement is job-
related experience and part of  it is direct training programs. 

Neither of  those apply to customers, in part because hotels 
constantly host new customers. Thus, since there’s no formal 

“customer training,” we cannot expect the same learning effects 
for customers as for employees. Further, individual customers’ 
exposure to service processes varies significantly in frequency 

Exhibit 26

Hotel concepts categorized by service intensity 
(volume) and function (variety)

Va
rie

ty
Volume

Extended-stay hotel Resort hotel

Conference hotel

Convention hotel

Suite hotel

Full-service hotel
Limited-service hotel

Hi
gh

Lo
w

HighLow

and duration. Future research that develops measures of  cus-
tomer exposure to innovation and studies of  related behavior 
will allow better assessment of  the contingent learning effects 
for services. When implementing service innovation, managers 
need to be mindful of  the contingent nature of  learning. Map-
ping out the characteristics of  service offerings is the first step 
toward benchmarking performance. In addition to planning 
for staff training, the implementation of  any service innovation 
should include ways to “educate” or inform customers on the 
new process, to ensure that both co-producers are capable of  
realizing the full potential of  the service concept. n
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Maximizing Revenue in the Ever-Changing Search 
World – Hummingbird, Social Impact, and More...
Anil Aggarwal, Chief Executive Officer, Milestone Internet 
Marketing, Inc.
This session goes through the journey of the consumer 
seeking to book a hotel room. We discuss how hoteliers 
can set their digital marketing plans and priorities to 
map to the various online touch points that a consumer 
goes through. The session will cover the key recent 
developments in the digital marketing world, and how 
hoteliers can maximize revenue and positioning in this 
ever-changing realm.

In Hotel Reviews Numbers Do Lie—Pay Attention to 
the Text
Spring Han, Assistant Professor, Faculty of Management, Higher 
School of Economics; Co-authors and presenters: Srinagesh 
Gavirneni, Shawn Mankad, Rohit Verma
It has been established that online reviews have a direct 
impact on decision-making and product sales. Yet, most 
extant works utilize only the numerical rating or 
sentiment. We apply text analytics to reviews for hotels 
from a leading review website for prescriptive, content-
driven insights for key service operational areas.

The Growing Impact of Online Reputation 
Management across the Hotel Enterprise
RJ Friedlander, Co-founder and Chief Executive Officer, ReviewPro
The rise of social and mobile technologies have given 
every guest a voice, and the guest intelligence that 
comes from online reputation (ORM) data and analytics 
is changing the way savvy hotel executives manage their 
organizations. The experience of thousands of leading 
hotels around the world provides a unique perspective 
into how ORM has evolved from a standalone activity 
into an integrated process that affects most areas of 
the hotel enterprise. 

Attribution Modeling in Hospitality Industry: State-of-
the-Art and Beyond
P.K. Kannan, Ralph J. Tyser Professor of Marketing Science, 
University of Maryland; Co-author and presenter: Hongshuang 
(Alice) Li
Focus on how big data of the customer journey to hotel 
websites can be used to attribute credit for the 
customer touch points that result in bookings. Results 
from a recent implementation and implications for 
media mix allocation will be discussed. Attribution 
modeling is absolutely essential for today’s hospitality 
industry. Analyzing big data can make your marketing 
more efficient and effective.

Big Data in the Hotel Business—Let’s Bring the Dots 
Together
Michael Toedt, Managing Partner and CEO, Toedt, Dr. Selk & Coll.
Big data will change how companies work and interact in 
the future. The increase in profitability by using big data 
of up to 60% forecasted by McKinsey is a benchmark, 
but should be even higher for hotels.

Mobile and Big Data’s Potential for Human Capital 
Development
David Topolewski, Chief Executive Officer & Mobile Learning 
Evangelist, Qooco
We’ll discuss the use of mobile services to train hotel 
employees better in communication, on-property 
upselling, and vocational skills, thereby boosting 
productivity, guest satisfaction, and RevPAR. Combined 
with cloud services, mobile learning generates data, and 
allows for benchmarking and empowering hotel 
employees and management with performance 
monitoring. Benchmark the competencies of employees 
to upsell and deliver superior service to guests, and the 
implications for financial returns. Understand how to 
bridge the gap between the brand promise and brand 
delivery of great services to guests.

260-Billion-Dollar Opportunity for Automated 
Dynamic Pricing for US Restaurants
Pawan Marwaha MMH ’06, Co-founder and Chief Grabber, RezGuru 
by TableGrabber; Co-author and presenter: Sonia Marwaha
We digitize restaurants with a Global Distribution System 
(GDS) along with an automated dynamic pricing tool to 
optimize their revenues. Our algorithm analyzes historical 
trends along with various macro and micro data points, 
to predict demand and allow restaurants to better plan 
their manpower, inventory, and pricing to maximize their 
revenue potentials.

Understanding Customer Behavior on Direct Booking 
Engines
Michael Skinner, Lead Engineer and Chief Data Scientist, Duetto; 
Co-author and presenter: Duncan Hall
We explore how this data can be used to better 
understand prospective guests, focusing specifically on 
how this information can be used to estimate price 
elasticity. Lost business from direct booking engines is a 
powerful tool for understanding how different factors 
influence a prospective guest’s decision to book. The 
problem of estimating price elasticity is made much 
simpler, and hotels have direct control over strategies 
that make it simpler still.

CHRS Data Presentation Summaries



34   Cornell Hospitality Research Summit Data Presentations  • The Center for Hospitality Research • Cornell University

Understanding the Unmanaged Business Traveler
Breffni Noone PhD ’04, Associate Professor of Hospitality 
Management, The Pennsylvania State University; Co-author and 
presenter: Kelly McGuire MMH ’01, PhD ’07
The unmanaged business traveler is a highly valuable 
segment for most hotel companies. Understanding how 
these travelers use price and user-generated content to 
assess value and ultimately make a purchase decision 
will help hoteliers design pricing and positioning 
strategies to attract this profitable segment.

Data, Knowledge, and Intelligence in Hospitality 
Industries
Scott Erickson, Professor, Marketing and Law, Ithaca College, 
School of Business; Co-author and presenter: Helen Rothberg
Intangible assets can be a significant competitive 
advantage for firms. Drawing from our proprietary 
database, we present insights on development and 
protection of knowledge assets in hospitality, and 
competitive intelligence efforts to procure them. Given 
these metrics, we can draw even deeper insights 
concerning strategic use of such intangibles. Intangibles 
can be a critical strategic asset and can be effectively 
assessed, employed, and protected in hospitality 
industries. Deeper analysis of such intangibles can help to 
understand competitive conditions and lead to further 
strategic insights.

How Recognizing Visitor Intent Fuels Customer-
Centric Experiences
Matthew Butler, PhD ’13, Senior Data Scientist, iPerceptions; Co-
author and presenter: Lane Cochrane
In the quest for customer-centric interactions, service 
companies are turning to marketing technologies to 
personalize the visitor experience. Equipped with intent, a 
powerful model of user behavior can be constructed to 
fuel personalization engines, ad retargeting, and live chat 
technology to create relevant customer-driven 
experiences. Behavior data alone is not enough to infer 
intent. Recognizing intent improves and streamlines 
personalized web experiences.

Upgrading Your Function Space with Better Analytics
Kate Keisling, Lead Consultant, IdeaS—a SAS Company; Co-authors 
and p`resenters: Elizabeth Walsh, David Wilker
Attendees will benefit from IDeaS’ three years of research 
and experimentation in the area of function space 
revenue management. Find out more about function 
space demand forecasting methods and which key 
performance indicators will help you to optimize your 
meetings & events profits.

Exploring Two New Customer Choice Models in 
Revenue Management
Jean-Pierre van der Rest, Professor of Strategic Pricing & Revenue 
Management, Hotelschool The Hague, Hospitality Business School 
Two room rate pricing ideas are explored. How does the 
perceived value of cancellation, as well as the willingness 
to pay, change over the booking horizon? How does the 
relative position of a hotel’s ad in the (OTA) travel website 
search engine results list impact consumer hotel choice 
decision-making?

Optimizing Hotel Group Room Rates
Jian Wang, Vice President and Chief Data Scientist, The Rainmaker 
Group
Group and transient both constitute the total business for 
many large hotels. Although revenue management has 
been successfully practiced in the hospitality industry for 
decades, the focus has been mainly on the pricing of 
transient rates. In this presentation, we introduce an 
approach to approximating the optimal group rates.

Price Optimization—Where Next?
Tim Unwin, Executive Vice President, RateGain
Price optimization has many flavors and is a key element 
in a variety of revenue management strategies. In “Price 
Optimization – Where Next,” we examine how the analysis 
of competitor set data can be the foundation for a 
market-oriented pricing model, complementing the 
analysis of historical trends and other established 
methods.

Shaking the Money Tree: Big Data and Revenue 
Management in the 21st Century
Alex Dietz, Principal Industry Consultant, SAS Institute, Inc.
In the era of big data, revenue managers are rightfully 
questioning whether big data has real value to revenue 
management. We will explore the availability of big data 
in revenue management – and the importance of new 
analytic approaches – through work done by SAS, as well 
as through academic papers. The presentation will also 
explore the importance of combining new analytic 
approaches with big data in order to transform new 
information sources into value.

CHRS Data Presentation Summaries (continued)
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Applied Analytics for Hospitality Energy Efficiency & 
Associated Core Operations Transformation
HAPS Dhillon, Global Practice Head, Energy Management, Wipro 
EcoEnergy; Co-authors/Presenters: Saju Ramachandran, Parminder 
Singh
Energy is one of the top two or three costs for a hotel or 
restaurant, and also the fastest growing! The session will 
discuss and impart working knowledge of proven 
analytical methods and frameworks for launching a 
data-driven, continuous improvement program for 
reducing energy waste and transforming operations.

Lean Service Innovation and Profitability: A Panel 
Study in US Hotel Industry
Jie Zhang, Assistant Professor, Operations and Information 
Systems Management, The University of Vermont, School of 
Business Administration; Co-authors/Presenters: Nitin Joglekar, 
Rohit Verma
This study tests the theoretical framework which states 
that active organizational context interacts with 
experience and influences learning outcomes (Argote 
and Miron-Spektor, 2011). We find that organizational 
learning varies with contextual factors including the 
volume and variety of service provided, and the 
characteristics of the service provider and customers. 
The indirect paths of learning through the contextual 
factors (i.e., volume and variety of service provided, and 
characteristics of service provider and customers) 
dominate the direct learning effect, indicating important 
levers for managing learning in service.

How to Leverage Online Review Content to Enhance 
the “Search, Shop, Buy” Experience
Rob Castellucci, Senior Director, Key Account Management, 
TrustYou
Online reviews are pervasive in the hotel industry. How 
can these reviews be used proactively by hotel 
companies and online travel agencies alike to enhance 
the shopping experience?

CHRS Data Presentation Summaries (concluded)
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