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Abstract 

We address a recommendation task for next likely flight 

destination to customers of a major international airline 

company. We compare performance using historical 

flight data and an actual user evaluation. Using two 

years of historical flight data consisting of tens of 

millions of flights, an ensemble and a collaborative 

filtering approach obtained an accuracy of 47% and 

20% using a test set of 100,000 customers, 

respectively, highlighting the challenge of the domain. 

We then evaluated our recommendations on 10,000 

actual customers, with a 45-45-10 split among 

ensemble, collaborative filtering, and control group. 

The overall predictive power employed with real users 

was 23%, with the ensemble method having a 

predictive power of 19% and 30% for collaborative 

filtering. Results indicate that, in complex and shifting 

domains such as this one, one cannot rely solely on 

historical data for evaluating the impact of user 

recommendations. We discuss implications for 

recommendation systems and future research in this 

and related domains. 

Author Keywords 

Prediction; Recommendations; Algorithmic trade-off; 

User Study 

 
Permission to make digital or hard copies of part or all of this work for 
personal or classroom use is granted without fee provided that copies are 
not made or distributed for profit or commercial advantage and that 
copies bear this notice and the full citation on the first page. Copyrights 
for third-party components of this work must be honored. For all other 
uses, contact the owner/author(s).  
 

CHI'20 Extended Abstracts, April 25–30, 2020, Honolulu, HI, USA 

© 2020 Copyright is held by the owner/author(s). 

ACM ISBN 978-1-4503-6819-3/20/04. 

https://doi.org/10.1145/3334480.3382945 

CHI 2020 Late-Breaking Work CHI 2020, April 25–30, 2020, Honolulu, HI, USA

LBW314, Page 1



 

CSS Concepts 

• Human-centered computing → Human computer 

interaction (HCI); HCI design and evaluation methods; 

Introduction 

There are situations where one wants to predict what 

user action (i.e., state) will come next in a sequence. 

Examples include the next button a user pushes on a 

system, a query that a user submits to a search engine, 

or a result that a searcher next clicks on a results 

listing page. In these situations, predictive approaches 

typically employ historical data to forecast where a user 

will go next in a sequence. 

A related situation is where one is not strictly predicting 

the next state but recommending actions that the user 

might not have done before but would prefer to take. 

Examples of this could be recommending a feature of a 

program that a user may not have tried before, a book 

to read, or a movie to watch. These recommendation 

approaches typically focus on novelty based on 

previous behavior or recommending actions at an 

appropriate place in a given sequence. 

However, there is a third context that is a blend of 

these two. These are situations where one wants to 

predict someone will return to a prior state but also 

recommend new states that are similar to but not the 

exact states previously visited. Flight booking is one of 

these contexts. Flight bookings is a particularly 

challenging domain, as, in addition to a blended 

prediction–recommendation context, there are many 

confounding factors such as business versus leisure 

travel, flight time, vacation, costs, etc. that may impact 

the customer’s final decision concerning the suggestion. 

It is this challenging flight booking domain that is the 

focus of our research, with a specific interest on the 

effectiveness of predicting user behaviors within this 

blended context. Our research goal is to investigate the 

effectiveness of algorithmic approaches for suggesting 

next flight destinations for customers. 

To do so, we implement two algorithmic approaches, an 

ensemble approach and a collaborative filtering 

approach that are both well-known algorithmic methods 

in the recommender domain [e.g., 13], to evaluate 

their effectiveness for recommending the next likely 

flight destinations for customers. We first train and 

afterward test our models using historical customer 

flight data. Then, we conduct a user evaluation [7] 

using 10,000 customers of a major international airline 

to recommend a next likely destination booking. We 

implement the designed ensemble and collaborative 

filtering approaches in a 45-45-10 (control group) for 

the user study. 

Results show that the accuracy of the recommendation 

algorithms was substantially different between using 

just historical data and employing the approaches with 

actual users. The implication is that these hybrid 

recommendation contexts require validation with actual 

users, rather than relying on solely historical data, in 

order to get a true measure of the predictive accuracy 

and algorithmic effectiveness. 

Prior Work 

Recommendation approaches provide suggestions that 

users might be interested in by analyzing, typically, 

past behavior of users in order to build a profile of 

interests or behaviors, and then leverage this profile in 

order to recommend potential future states (i.e., 

Ensemble approach - an 

approach of using of multiple 

machine learning algorithms with 

the aim of obtaining better 

predictive performance than one 

could obtain from using any 

single machine learning. 

Collaborative filtering - an 

approach of employing user 

attributes for identifying (i.e., 

filtering) items that a user might 

like based the reactions of users 

with similar attributes. 

Sidebar 1: Definitions of two 

algorithmic approaches used to 

analyze historical data. 
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features, destinations, movies, etc.) with the standard 

approach modeling a series of actions as states [16]. 

Such an approach can be highly accurate if the task is 

one of algorithmic prediction (i.e., predicting the next 

state), including re-visitation and reuse [4]. However, a 

known limitation of this approach when actually 

deployed with users is that the suggestions may be 

states that are nearly identical to what the user knows 

already. Additionally, there are contexts where one 

may not want to predict as much as recommended in a 

serendipitous manner new states that the user probably 

will like but may not be aware exists. 

This content is especially applicable to the domain of 

flight bookings, which is both a prediction (i.e., where 

will the passenger next book) and recommendation 

(i.e., where would the passenger like to book) problem. 

In the prediction aspect of the problem, re-visitation to 

a prior state is acceptable. In the recommendation 

aspect, the suggested state is a novel, one. 

There has been prior work concerning the issue 

serendipity in recommender systems, including the 

discovery of similar users based on their temporal 

histories [3] and various tactics for personalized user 

profiling [14]. There have been various algorithmic 

approaches including classes of collaborative filtering  

and ensemble approaches [16]. Findings show that 

combining multiple approaches is not always more 

effective than using single a single approach in terms of 

average prediction accuracy and that in given contexts, 

such as temporal, different approaches perform better 

or worse [16]. In the competitive airline industry, 

passenger prediction and recommendation are active 

avenues of pursuit aimed at in-depth insights in 

customer behaviors [6], generating revenue [12], and 

enhancing the customer experience [2]. Approaches 

taken have focused on both aggregated data and 

individual user data [8]. 

However, most of the prior work in the prediction-

recommendation area have been developed and 

evaluated on historical datasets using testing and 

training portions and not deployed with real people who 

then react to the suggestions. This limitation is 

especially problematic in the airline domain, where 

selecting a destination can be impacted by a variety of 

confounding factors. For example, a customer may be 

receptive to a recommended destination but have a 

business trip that is out of the customer’s control. 

There are also departure times, flight durations, costs, 

and many other constraining factors on 

recommendations. Some of these are also, of course, 

present and have been noted in other contexts [1, 5, 

11]. These confounding factors raise concerns of using 

historical data to evaluate algorithmic accuracy. 

Therefore, there are several unanswered questions. 

How does the algorithmic accuracy of historical data 

compare to that with real users? How do 

recommendation algorithms perform with real people 

for flight bookings? These are some of the questions 

that motivate our research. 

 Research Objectives 

Our research objectives are:  

a. Develop a next likely destination recommendation 

approach for airline customer bookings,  

b. Measure the accuracy of the model using historical 

data, 
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c. Evaluate the accuracy of the model via a marketing 

campaign in a commercial setting using real users  

d. Compare the evaluation results using historical 

data with using booking from actual users. 

 

As part of a customer retention initiative at a major 

international airline, the organization desires to analyze 

historical flight data from customers to suggest a next 

likely destination (NLT) from which the organization will 

then send an incentive offer to these customers for this 

destination in order to lock in the booking and reduce 

the chance of the customer going to another airline for 

the booking. See Table 1 for key constructs and 

definitions of customer retention. 

Methodology 

For the algorithmic approaches, we implement two 

methods, an ensemble and collaborative filtering 

algorithms.  The flight data used historical data for each 

customer (bookings, dates, destinations, ticket class, 

gender, age, etc.). This historical data was used as 

input for the ensemble and collaborative filtering 

methods to develop a next likely destination suggestion 

for these airline customers. The overall methodological 

concept is shown in Figure 1. 

Tested Algorithmic Approaches 

For the first tested approach, the ensemble method, 

merges several classifiers together with the aim of 

achieving better performance than any single classifier. 

The underlying assumption is that different classifiers 

have different strengths and weaknesses. Ensemble 

methods are known to decrease variance, decrease 

bias, or improve predictions [10].  

 

Figure 1: Methodological framework for NLT A/B testing. 

The best combination of classifiers was Bagging, 

Multilayer perceptron, and KNN, which is the 

combination that we employed in this research. We 

tested several classifiers and compared them based on 

accuracy. Classifiers considered were Logistic 

Regression, Naive Bayes, Ada Boosting, Bagging, 

Random Forest, Gradient Boosting, Support vector 

machine (SVM), Multilayer perceptron, K-nearest 

neighbors (KNN), and Quadratic discriminant analysis. 

These algorithms were chosen because they represent 

state-of-the-art in many recommendation approaches  

Component Definition 

Customer 
Retention 
Program 

Activities that 
are taken to 
reduce the 

number of 
customer 

defections. 
The goal of 
customer 
retention 

programs is 
retaining as 

many 
customers as 

possible 

High 
Customer 

Retention 

Customers 
return to, 

continue to 
buy or not 
defect to 

another 
business or to 

non-use 
entirely 

Customer 
Retention 

Rate 

Percentage of 
customers the 
company has 
retained in a 
given period 

Table 1: Key Components of and 

definitions of customer retention 

programs. 
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The second approach was collaborative filtering that 

finds similar users to a given user and then 

recommends recent destinations of these similar users 

to the given user. The underlying assumption is that 

similar individuals will be interested in similar 

destinations. So, if person A has flown to the same 

destination as person B, person A is likely to also like 

B's other destinations than destinations of a random 

person. Thus, collaborative filtering makes predictions 

(i.e., filtering) about the interests of a user by 

collecting preferences from many users (i.e., 

collaborating). Collaborative filtering has been used in 

similar contexts [15] and location prediction [9]. 

Data Collection 

Our data collection site was a major international airline 

with more than 165 destinations in dozens of countries. 

In the normal course of business, the organization 

sends marketing and advertising messages to 

customers in its frequent flyer database for various 

offers. The company also in the normal course of 

business performs various analysis to determine what 

marketing messages to send to which customers.  

For this study, we partnered with the airline company 

to conduct the data analysis and then perform an A/B 

test in order to evaluate our research objectives. Using 

a data set of airline passenger flight bookings over a 

more than two-year period (2016-2018, we applied 

both the ensemble method and collaborative filtering 

method to identify customers and their next likely 

destinations. For each customer, we select the top five 

destinations that our algorithms predicted the customer 

would book next or like to book based on their 

historical booking pattern, i.e., precision at 5 (P@5). 

For performance comparison, we used a baseline of 

recommending the top most popular destination (i.e., 

using no algorithm but just recommending the most 

popular destination). The baseline has an accuracy P@5 

of 19%. After training our models, we then tested on a 

set of approximately 100,000 customers. Based solely 

on historical data, the ensemble approach had an 

accuracy of 47.6% (148% better than baseline), and 

the collaborative filtering approach had an accuracy of 

24.8% (30% better than the baseline). 

From the complete set of frequent flyers, we randomly 

selected 10,000 customers for an actual user test. We 

split these 10,000 customers into 4,500 for the 

ensemble recommendation, 4,500 for the collaborative 

filtering recommendation, and 1,000 for a control 

group. The test groups were sent marketing messages 

crafted by the airline company marketing department 

and the control group was sent no marketing 

messages. Each marketing message contained a 

recommendation for one of the selected destinations 

and offered the customer an incentive to book. The 

incentive offered was bonus miles for a flight booking to 

one of the destinations within the offer window. 

The user marketing messages (see Figures 2 and 3) 

were sent over a one-week period in 2018, with the 

participants having two-weeks to respond to the offer. 

The marketing message sent to each customer was 

identical except for the five recommended destinations. 

Each message was individually sent via an opt-in email 

promotional offer. The messages were crafted by the 

organization’s marketing department and were 

personalized with the member’s name and membership 

number. The customer could directly book the flight 

from the marketing message. In the end, 7,784 

customers (generally 50%/50% between the two 

 

Figure 2: Bangkok marketing 

message sent to the test 

customers. Altered to remove 

branding. 

 

Figure 3: London marketing 

messages sent to the test 

customers. Altered to remove 

branding. 
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models) actually received the offers, with the dropout 

rate being due to outdated email addresses and 

limitations on contacting customers within a given 

period. This highlights the practical issues of conducting 

user testing on real systems with real customers.  

Results 

Returning to our research objective (c), our combined 

algorithmic approaches resulted in prediction accuracy 

during the user testing of approximately 23% as 

measured by user selecting the predicted destination. 

The results of the A/B test showed a 16% increase in 

bookings of the test groups compared to the control 

group. The overall predictive power was 23%, with 

collaborative filtering having a predictive power of 30% 

and 19% for the ensemble method. Table 2 shows the 

overall results. Table 3 shows the results for each 

algorithmic approach and overall for both algorithms. 

Discussion and Implications 

The overall combined accuracy of the user test was 

23%, substantially lower than the results based solely 

on historical data. While this is still 21.1% above the 

baseline of 19%, it is substantially lower than the 

accuracy using historical data. Compared to results 

using solely historical data, the ensemble approach was 

only 39.91% as accurate with actual customers; 

collaborative filtering approach performed 20.97% 

better with real customers versus historical data. 

So, in both cases, using historical data did not 

represent the true predictive accuracy of the 

algorithms. The underlying tastes of the population 

may be flux and not reflected in historical data. From 

an analysis of the booking results, the customers who 

accepted the collaborative filtering offers booked at a 

higher rate. Our premise is that serendipitous nature of 

the novel destinations was enticing, which may have 

induced customers to book at higher rates than the 

ones suggested for the customers strictly on the 

predictive aspects, which shows that these approaches 

should be evaluated with real people.  

Conclusion and Future Work 

Results have implications in a variety of areas. We 

suggest in these contexts that organizations not rely on 

historical data as the users may change. The findings of 

this exploratory research are exciting as the foundation 

for future and fruitful, including segmenting the overall 

population via various demographic features, such as 

gender, age, and nationality, to evaluate whether or 

not these factors play into the context and also 

measuring the effect of the marketing messages.  
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