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HELLO STRANGER: A BIG DATA APPROACH TO ONLINE DATING
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Almost half of all single adults in the United States have used online dating, a still-growing field. Anonymity 
on dating sites is often marketed as a premium feature, but its effectiveness in different demographic groups 
has not been shown by published research. Therefore, our first goal was to obtain permission for a popular 
online dating site to access a dataset containing demographics and interactions of 100,000 de-identified 
users. We then ran “Big Data” analytics on the dataset to compare the quality and quantity of online-dating 
matches when a user uses a dating site anonymously or non-anonymously. The authors used
R-programming language to clean the set and sort users, as well as run advanced statistical tests. Results 
showed that anonymity significantly decreases quantity of matches (p < 0.0001) and does not significantly 
increase quality of matches (p > 0.05), despite the fact that the dating site markets anonymity as a beneficial 
feature.

The second goal was motivated by a literature search that revealed the Gale-Shapley deferred acceptance 
matching algorithm, which generates mathematically stable matches. First, linear regressions were 
programmed in R to generate preference formulae for all users. Then, preference-assigning software was 
written in Java to apply these formulae to established matches. Finally, the algorithm was programmed and 
adapted to use the preference-assigning software to produce matches. The authors’ application removes a 
massive limitation on the use of the Gale-Shapley algorithm, making it applicable to many fields, from 
matching residents and hospitals to students and colleges.
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INTRODUCTION
Millions of single people use the Internet to search 
for prospective romantic partners using online dating 
sites. In the United States, 46% of all single adults, 
or approximately 40 million adults, have used online 
dating. One in five new relationships and one in six 
new marriages have originated from the Internet (1, 
2). Online dating is a valuable search method for 
potential partners, as it reduces social stresses and 
obligations inherent in offline search situations.
Most online dating sites allow users to browse other 
users’ profiles and utilize a site-generated algorithm 
to recommend matches (2). The algorithms that sites 

use are typically unavailable to the public, as they 
are proprietary, but most will employ some kind of 
machine-learning method, or neural networking, to 
be an adaptive system, incorporating feedback from 
users (2). However, these search methods do not 
always generate viable matches, and the experience 
of online dating is not necessarily the same for all 
users, as some users may have different types of 
memberships on dating sites, such as paid or free. 
The business model of many online dating sites is 
often referred to as “freemium” (1). This indicates 
that the site is free for users to join, but users can 
then choose to pay the site for additional features, 
including anonymity. Many sites market anonymity as 
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a premium feature, as it allows users to browse other 
profiles unseen by those whose profiles they view, 
providing the anonymous user more personal 
privacy. This study investigated whether anonymity 
affects the matching process, as anonymity has the 
potential to change the nature of interactions 
between users. The effect of anonymity on different 
demographics in online dating contexts was 
examined.

The majority of online dating sites use algorithms to 
suggest matches to users. One algorithm that is 
ideally suited to a marriage model is the Gale-
Shapley deferred-acceptance algorithm (3). This 
algorithm, originally formulated to match high school 
students with colleges, takes into account a list of 
users, each with an individual list of preferences, and 
returns matches that are stable, meaning that no two 
unmatched users prefer each other over the person 
with whom they are matched. The Gale-Shapley 
matching algorithm was implemented in this study to 
improve the efficiency of online dating. A similarity or 
difference between the demographics of the 
algorithm-predicted match and the real-life outcome 
could indicate how predictable matches are.
Our study is based on recent research in decision 
sciences and social literature, as online dating is 
relatively new. Bapna et al. (2013) examines the 
overall effect of anonymity in online dating markets, 
specifically finding that it has an asymmetric effect 
across gender (1).

In Bapna et al. (2013), it is hypothesized that 
anonymity decreases inhibitions when it comes to 
less socially acceptable matches; for example, 
anonymous users may be more likely to view users 
of the same sex or a different race than regular users 
(1). However, Bapna et al. (2013) never identified the 
differences in the effect of anonymity between 
demographics outside of gender (1). This study will 
observe the effect of anonymity on users across 
different age groups, races, genders, and 
combinations of these demographics.

For a user, both anonymity and non-anonymity may 
have associated costs and benefits. When a user is 
not using anonymous settings, other users may 
observe whether the focal user has viewed his or her 
profile, which has an inherent cost to the focal user, 
such as potentially leading to an unwanted 
interaction. Therefore, non-anonymity has a personal 
cost for the user. However, when a user is 
anonymous, other users will not be able to see that 

the focal user has viewed their profile. This does not 
encourage an interaction, thus there is a lost 
opportunity. Yet anonymity may lead to an increase 
in match quality, as it allows the focal user to be 
more selective (1).

Anonymity has the potential to increase the number 
and diversity of searches, as it should reduce 
inhibition in general, but also in what are considered 
socially taboo preferences, such as same-gender 
matches or interracial matches (4). This is a more 
specific example of the general reduction of search 
costs that anonymity can provide, which may also 
lead to users showing their true preferences, rather 
than those influenced by societal expectations. In 
this study, we will examine both the quantity and 
quality (as determined by whether an anonymous 
user is more likely to match with a more socially 
taboo match) of matches achieved with anonymity 
versus non-anonymity to determine whether the 
costs of either anonymity or non-anonymity outweigh 
the benefits.

Other studies examined the Gale-Shapley deferred-
acceptance algorithm in online interactions. Hitsch et 
al. (2010) sought to establish whether economic 
matching models can explain observed online 
matching patterns, and measure the efficiency of a 
decentralized matching mechanism website (5). It 
was observed that the matching mechanism for the 
website returned approximately efficient results, as 
compared to the implementation of a deferred-
acceptance Gale-Shapley algorithm. This study’s 
purpose is to investigate anonymity’s impact in online 
dating and implement the Gale-Shapley algorithm 
without explicit preferences as a method to increase 
the efficiency of online dating.

MATERIALS AND METHODS 

Data set: A de-identified data set of online dating 
users was used. This data set included 
characteristics of 100,000 users collected from a 
popular online dating site, which will remain 
unidentified and be referred to as “monCherie.com” 
in this paper. The users in this data set were 
randomly divided into two groups of the same size: 
anonymous and non-anonymous, with 50,000 users 
in each group. The non-anonymous group was not 
gifted with anonymity, i.e. the ability to browse 
another user’s profile without the other user seeing. 
The anonymous group was gifted with anonymity. 
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The following user 
demographics were 
recorded for each group: 
validity (whether the user 
is a robot or spammer, as 
determined by an in-site 
algorithm), activity 
(whether this user has 
been using the account 
recently), age, gender, 
ethnicity, race, sexual 
orientation, and 
attractiveness score. The 
use of validity and activity 
were imperative, as taking 
those variables into account 
prevented our data from being 
influenced by inactive users 
or robots, both of which are 
not representative of the general population. The 
variable attractiveness score served as a proxy for 
user attractiveness in our data, which was central in 
generating preferences later. The value of this 
variable was the average score that other users 
could secretly give the focal user, based on how 
attractive the other users found the focal user.

This data set contains data recorded from each 
user’s interactions with other users over a period of 
three months. In the first month, all users had the 
same privileges and were non-anonymous. During 
the second month, half of the users were given 
anonymity. For the third month, all users were once 
again non-anonymous. The following user interaction 
variables were recorded: number of unique profiles 
viewed, number of unique people who observed 
user’s profile, number of messages sent, number of 
messages received, number of messages 
exchanged with one unique user, matches made 
when user initiated contact, and matches made when 
the other person initiated contact with the user.

The monCherie.com data set was refined to include 
only users who met three criteria: the user is valid, 
the user is active, and the user is straight. These 
criteria were designed to ensure that the users 
analyzed were not robots/spammers, were actively 
using the website, and would match with someone of 
the opposite gender (a prerequisite for the Gale 
Shapley portion of our research). The valid-active-
straight (VAS) data set, consisting of 24,664 users, 
was then analyzed in RStudio using R Programming 
Language. The gender and age groups distributions 

in VAS (Tables 1, 2) are not unusual for online dating 
sites (6, 1).

Statistics on anonymity: Exploratory statistical 
analyses were used to get a sense of the data set. 
Whether data distributions were normal or skewed 
was observed through frequency histograms, Q-Q 
plots, and simulations of normal data in RStudio. 
JMP Student Edition was used to perform t-tests and 
ANOVAs on subsets of size n ≤ 5,000.

Unpaired t-tests were used to compare the control 
group to the anonymous group for each variable to 
investigate any significant differences for both 
demographic or user interaction-related variables. 
Though distributions were not normal, the use of 
parametric statistical tests were still valid because 
the data sets contained more than 30 users. To 
create visual representations of the data, the 
statistical tool Tableau Public was used. The two 
groups (anonymous and non-anonymous) were split 
up into sub-groups based on gender, age, and race. 
Means, medians, and variances were calculated for 
each group and subgroup using JMP distributions 
(Table 3). These groups’ variables were further 
analyzed using the same statistical tests we ran on 
the two large groups, including t-tests and regression 
algorithms ran in JMP Student Edition first. However, 
JMP Student Edition only had the capacity for 5,000 
users. For groups and subgroups with more than 
5,000 users, R programs were written and run to 
analyze significant differences in any match variables 
across anonymity.
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Table 2. Age group distribution in VAS data set (table by authors). This table displays the age 
group distribution of users present in the 24,664 user valid-active-straight (VAS) data set.

Table 1. Race and gender distribution in VAS data set (table by authors). This table displays the 
race and gender distribution of users present in the 24,664 user valid-active-straight (VAS) data set.
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Gale-Shapley algorithm: Code was written in R to 
perform regressions on the VAS group. The linear 
regressions were run on the VAS data set in RStudio 
and two formulae were found for each gender. One 
formula predicted a match’s age and one predicted a 
match’s attractiveness score (Table 4).

A program was coded in Java to assign preferences 
for each user, which is necessary for the Gale 
Shapley algorithm. This program accounted for each 
user’s gender, age, attractiveness score, and race. A 
set of “ideal scores” for age and attractiveness were 
calculated based on the formulae found from the 
linear regressions run. Ideal gender was assumed to 
be the opposite of the user’s gender as the users in 
this data set reported their sexuality as straight, and 
ideal race was the same race as the user based on 
assumptions of similarity. The Preferences program 
prioritized the ideal age and ideal attractiveness 
score variables in ordering the users in a preference 
list; however, given a comparison of two users with 
similar numbers, the program also took race into 
account (Figure 1). After the Preferences program 
was run, a CSV file was generated with each user 
and a complete list of the user’s match preferences.

The Gale-Shapley algorithm was programmed in 
Java and ran using the Preferences CSV file as a 
parameter (Figure 2). The algorithm iterates through 
the list of users and returns an individual, stable 
match for each user based on each user’s 
preferences list. Each user was matched with 
another user.

RESULTS 

Table 5 shows the results of unpaired t-tests, 
comparing the match sent and received counts 
across anonymity by age group. The impact of 
anonymity was far more significant in match received 
count than match sent count. T-test results were 
analyzed in JMP. Subgroups for race, gender, and 
age group, as well as more specific combinations of 
several divisions (e.g. twenty-year-old-men, or 
Latino-thirty-year-olds), were analyzed. All results for 
race are displayed in Table 6.

For each subgroup, significant match variables 
(matches, views, and messages; sent or received) 
were recorded. Significant variables were found by t-
tests run in either JMP or R, depending on whether 
the subgroup contained more than 5,000 users. 
Significance was set at p < 0.05. All statistically 
significant groups are displayed in Table 7.
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The results of the Gale-Shapley algorithm are shown 
in Figures 3 and 4. The ID numbers directly 

correspond to 
actual site users.

DISCUSSION AND CONCLUSIONS 

This study examined the impact of anonymity on 
match variables across demographic groups. No 
previous study has examined how anonymity affects 
specific demographic groups.

Despite conventional thinking, we found that 
anonymity does not have a significant positive impact 
on the number of matches. In fact, anonymity is 
shown to have a negative effect on several different 
demographic groups. In these demographic groups, 
matches actually decreased with the addition of 
anonymity.

The overall VAS data set showed a significant 
decrease in matches. Of the different groups by race, 
the black, latino, and white groups experienced a 
significant decrease in matches across anonymity. 
Additionally, users in their twenties, thirties, and 
above sixty experienced a significant decrease in 
matches across anonymity (p < 0.05). Some more 
specific groups, such as men in their late twenties 
and women in their late twenties, also experienced a 
significant decrease in matches (p < 0.05). One 
reason for this may be that anonymity decreases
weak-signalling, a phenomenon in which a user is 
alerted to the interest of the focal user when they see 
that the focal user has viewed their profile. 

Anonymity eliminates the weak signal of interest 
made when viewing a user’s page; thus fewer 
matches are created, as the viewed user can no 
longer observe this action and interest. The 
significance of this has been shown to be more 
impactful for received matches than sent matches, 
as is shown in Table 5. In this table, the number of 
matches sent and received are shown for age groups 
both with and without anonymity. Anonymity 
significantly impacted the number of matches 
received for four of the seven groups, while only 
significantly impacting the match sent number of one 
group. This may be explained by the fact that 
received matches are initiated by messaging from 
the other user, rather than the focal user. When the 
focal user is anonymous, signals are not sent, 
reducing the likelihood of the other user sending a 
message, and creating a received match.

Another notable trend is the number of views sent. 
Several groups, including black and white, 
experienced a significant difference in number of 
views sent across anonymity. This may be addressed 
by the online disinhibition effect. This theory asserts 
that people will act with less discretion and restraint 
when they can separate their online actions from 
their offline lives. That dissociation allows people to 
disown their behavior by not requiring them to 
acknowledge it (Suler, 2004). If an anonymous user 
knows that their viewing practices cannot be 
observed, they are more likely to view people they 
would not otherwise view, thus increasing the total 
number of views sent.

Additionally, we successfully implemented the Gale-
Shapley algorithm on a set of VAS users who we 
know had matched with another user online. The 
output of the Gale-Shapley algorithm provided a list 
of potential couples, creating a suggestion engine. 
This engine can be used to increase the efficiency of 
online dating by providing users with possible 
partners. That allows users to increase the number 
of matches, as any given user cannot look through 
all other users who match their desired 
characteristics. By increasing the number of 
matches, the probability of finding a long-term 
partnership may also increase, thus improving the 
outcome of online dating.
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LIMITATIONS 

One setback to this research was lack of sufficient 
technology to process large volumes of data. 
Statistical softwares such as JMP Student Edition, 
which can only hold a certain number of rows, were 
sometimes unable to hold the entire set. Thus, two 
different statistical programs — in JMP and RStudio 
— were used to perform statistical tests on the data.
This may cause possible error as the statistical 
softwares may use slightly different algorithms to
perform the same statistical tests. An additional 
limiting factor was the capacity of the computers to 
process very large data sets (billions of data points).

FUTURE WORK 

The next steps will involve applying the analyses 
used in our research to other online dating sites that 
feature anonymity. This will allow the impact of 
anonymity to be more fully understood. Additionally, 
quantifying the correlation between achieved 
matches and the results of the Gale-Shapley 
algorithm will help determine the stability of online 
dating outcomes produced by the Gale-Shapley 
algorithm. Another area of future work is to 
investigate correlation between the contents of 
various messages that result in matches and 
combine those findings with the Gale-Shapley 
algorithm to make the match search process more 
accurate.

Additionally, given the preferences determined by the 
linear regressions conducted, a more specific 
formula based on other factors investigated via linear 
regression, such as user demographics, observed 
user behavior, and the users’ stated preferences, 
may be added to online dating sites to better suggest 
matches for users.

This research has applications in any field that 
requires matching two groups. Our study examined 
anonymity more extensively than in any previous 
study, and results show that despite current 
marketing of anonymity as a premium feature, 
anonymity neither improved quality or quantity of 
matches in an online dating market. This research 
also involved developing an implementation of the 
Gale-Shapley matching algorithm in Java, and 
creating a preference algorithm. Using big data 
analysis techniques in R, a set of discrete 

preferences for each user can be created. From 
resident physicians and hospitals to college 
dormitory roommates, this technique can be applied 
to create stable pairings. This combination of 
observing and modeling general trends, and applying 
algorithms creates a powerful matching engine. The 
development of such an engine helps maximize the 
efficiency of the online dating market by providing 
users with more potential matches than they could 
find without assistance.
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Figure 1
Preferences program pseudo code (figure by authors). This section of 
pseudo code displays a method that compares two users—users 1 and 
2— to find which should be higher on the focal user’s preferences list; 
i.e., which would be the better match for the focal user. This method is 
a part of the larger Preferences program that assigns each user a list of 
preferences and writes a CSV file with this information.

private User compareUsers(FocalUser, User1,  User2){ 
if((difference in age < 3 years) and (difference in 
attract score < 1)){ if(User1 race = FocalUser race 
and User2 race != FocalUser race){ 

return User1; 
 } 
else if((User2 race = FocalUser race and User1 
race != FocalUser race){ return User2; 
 } 
} 
if(User1 age and attract is closer than User2’s to 
Focal User’s ideal scores){ 
  return User1; 

} 
else{ 

return User2; 
} 

} 

Figure 2
Gale-Shapley algorithm pseudo code (figure by authors). This section 
of pseudo code displays the “matching” section of the Gale-Shapley 
algorithm, in which the program iterates through each user and finds 
matches until every user is matched.
public  void stableMatching(){ 
 while(not everyone is matched){ for(the next 
 unmatched User u){ 
 if(the next user v on u’s list is not  
 matched){ Match u and v; 
 } 
 else if (the next user v on u’s list is  
 already matched){ 
 if(u is a better match than the user that v  
 is already matched with){ Undo v’s current  
 match; 
 Match u and v; 
   } 
  } 

} 
} 

}
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Figure 3
Female oriented Gale-Shapley output (figure by authors). 
This figure displays a sample of the list of pairs generated 
by the Gale-Shapley matching algorithm. The ID numbers 
correspond to users in the dataset, while the Male and 
Female columns show the arbitrary values we assigned to 
users (1–4625). To obtain the above table, the Male and 
Female columns were alternatingly sorted in ascending 
order, and the ID columns were imported from the input 
preference files.

Figure 4
Male oriented Gale-Shapley output (figure by authors). This 
figure displays a sample of the list of pairs generated by the 
Gale-Shapley matching algorithm. The ID numbers 
correspond to users in the dataset, while the Male and 
Female columns show the arbitrary values we assigned to 
users (1–4625). To obtain the above table, the Male and 
Female columns were alternatingly sorted in ascending 
order, and the ID columns were imported from the input 
preference files.
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