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A DATA MINING STUDY OF RANKING WITHIN SOCIAL NETWORKS 

Rama Devi Raghavan, Candidate for the Master of Science Degree 

University of Missouri – Kansas City, 2014 

ABSTRACT 

 Social networks have become very popular in the past few years and have become a 

significant part of our personal and professional lives. As the number of participants in social 

networks has grown, they have become a virtual space for exerting influence.  Studies in 

sociology and marketing have stressed the vital role of influence for businesses to survive; 

organizations and businesses are constantly seeking to establish and expand their presence by 

exploiting social networks. This has led to an implicit competition for higher visibility and 

ranking within social networks. Ideally, the ranking of participants within social networks 

should mirror the real world. However, this may or may not be true because of different 

degrees of participation, overrepresentation due to self-promotion and the possibility of 

unreliable or false information.  

 This thesis addresses the following related questions. What are appropriate measures 

for ranking participants in social networks? Does the ranking within networks mirror those 

based on traditional measures for ranking organizations? We use data mining and statistical 

analysis to evaluate several measures, including a new measure based on the H-index, for 

ranking participants within social networks against established benchmarks for university 

programs. We find that prominence within social networks correlates in general with 

prominence in the real world. We identify the best measures for predicting prominence in the 

real world, and perform preliminary outlier analysis. While the observations are not proven 

to be causal, they offer insights of potential value to social network marketing.  
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CHAPTER 1 

INTRODUCTION 

1.1 Background 

 From sports to education, we are captivated by rankings. Everyone wants their 

favorite team to be ranked number one. Every parent wants their child to attend the best 

college. A new business becomes a success or failure based on how it is ranked by Google. A 

sports team stepping to rank one makes billions of people excited. Hence it is getting 

increasingly important to analyze the techniques of various ranking method to ensure 

fairness. Ranking has universal draw because of the abundance of interesting datasets in 

nearly every field imaginable. “Evolution rewards those who make quick comparisons, those 

who thought more slowly (or even those who were quick but incorrect) were no doubt 

removed from the gene pool by the swifter-thinking predator” [1]  

 Some famous ranking techniques include Google’s PageRank algorithm to rank 

webpages, Netflix and Internet Movie Database (IMDb) to rank movies, college football 

teams ranking (Bowl Championship Series), college basketball ranking (Rating Percentage 

Index), and college and university ranking by U.S.News, etc.  

 In our daily life we frequently have the need to choose one or more things from 

several alternatives. And obviously we would like to choose the best option from the 

alternatives. The best option could be an easy choice sometimes but more often than not it is 

not. As David Hume discusses in his book “A Treatise of Human Nature”, humans get a 

malicious joy by comparison, as “the misery of another gives us a more lively idea of our 

happiness and his happiness of our misery” [36]. Therefore we involuntarily rank things 

without much thought, which might affect a lot of people. For example, Billboard Hot 100 is 
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the American music industry popularity chart issued weekly by Billboard magazine which is 

based on sales. When a song is on top of this list, we tend to think that it is better than others 

down the list and we tend to buy the album and it increases sales and it becomes a loop 

promoting this song which may or may not be liked by everybody, and other album sales are 

also affected by it. There are other things that we use to rank individuals/businesses 

involuntarily like social networks.  Social networking sites are online communication tool 

that have taken over the internet by being an incredibly efficient gossip engine. Nearly 30% 

of world population uses social networking sites [35], and by 2017, 2.33 (31.3%) billion 

people will use social networks. Since social networks have such a wide reach among us, we 

involuntarily judge about a lot of things through them because of our innate nature of 

comparison. Hence it is important to study ranking in social networks and identify unbiased 

methods to rank users in social networks, and do a comparative study with golden standards 

to understand the features of social networks. 

1.2 Problem Statement 

 Social networking is ranked as the most popular content category for worldwide 

engagement with market penetration of 85 percent in 41 out of 43 markets. It is the most 

popular online activity worldwide, 1 in every 5 minutes is spent on social networking sites 

globally [3]. “Social media is not only growing, it’s absolutely here to stay,” according to 

Erik Qualman, author of the best-selling book, “Socialnomics: How social media transforms 

the way we live and do business” [37], which breaks down the power of the medium with the 

help of real-world examples. 

 Due to its outreach and intense activity, social networks are becoming the most 

popular data source available for mining. They predominantly have live user-generated 
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content which is very powerful when put to right use. Social network serves as the right 

medium for self-promotion and marketing due to the abundance of users logging into it every 

day. Ranking users in social networks needs to be standardized as it is ever-available and 

updated live and therefore very exciting and interesting. However, in spite of its usefulness, 

there are not many references for algorithms to rank users in social networks, which are 

disposed to huge bias of self-promotion and marketing. There are some tools that are popular 

for ranking Twitter users but they are quite simple and straight forward. However, Facebook 

with much more global popularity doesn’t have many studies devoted to it (not much 

research has been done) on ranking user popularity. A comprehensive study on ranking users 

popularity in social network is missing. Therefore, it is an unexplored area and we have some 

novel ideas to share.  

1.3 Thesis Outline 

 In Chapter 2 we discuss related work on measuring user popularity on various social 

networks (Twitter, Facebook). Chapter 3 introduces to current measures of ranking in social 

networks with sample data and we do a consistency check for these measures. In Chapter 4 

we compare the collected measures of social networks with the same users’ corresponding 

ranking in accepted ranking methods like U.S. News’ academic ranking and Microsoft 

Academic Search’s research ranking. We introduce some novel measures of ranking in 

Chapter 5 and do a quick study on how it compares with other popular ranking tools and 

accepted methods. We propose a new measure of ranking a user in social network which is 

explained in Chapter 6 and we compare it with other methods. We perform a data mining 

study with the collected data and it is explained in-depth in Chapter 7 and the conclusion and 

summary is in Chapter 8. 
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CHAPTER 2 

RELATED WORK 

 In this chapter, we discuss about ranking in general and about work done on 

measuring popularity and ranking in social networks. 

 Ranking is defined as the relationship between a set of items such that for any two 

items, the first is either “ranked higher than”, “ranked lower than”, or “ranked equal to” the 

second. In mathematics it is known as preorder of objects. [38] There are many simple 

strategies for assigning rankings: 

Say, A ranks ahead of B and C (which compare equal) which are both ranked ahead of D. 

Standard competition ranking: A gets 1, B gets 2, C gets 2 and D gets 4 

Dense ranking: A gets 1, B gets 2, C gets 2 and D gets 3 

Ordinal ranking: A gets 1, D gets 4, either B gets 2 and C gets 3 or B gets 3 and C gets 2 

Fractional ranking: A gets 1, B and C each get average (2+3/2 = 2.5), and D gets 4 

Table 1: Comparison of Related Work 

CITATIONS STUDY 

Eysenbach 

[2] 

Data mining on tweets (updates on Twitter) to predict future citation count and 

correlation with impact factor. Impact of journal is analyzed from tweets and not 

from single user. Social impact measures based on tweets to compliment traditional 

citation metrics. 

Chat et al [3] Measuring user’s influence in Twitter. 3 measures of influence: indegree, retweeets 

and mentions were compared with dynamics of user across topics and time. 

Temporal analysis was performed and no definite measure of influence was 

concluded. 

Sarma et al Mechanisms for ranking status messages (tweets) using user reviews (pairwise 
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CITATIONS STUDY 

[4] comparisons instead of rating) 

Leavvitt [5] Measuring different features of Twitter (followers, following, follower following 

ratio) and reasoning each feature, inspecting 12 users for a 10 day period and how 

time difference changes each feature. 

Weng et al 

[6] 

Studying general characteristics of follower following network (reciprocity) and 

topics of tweets. Influence calculated by recursively querying over the network of 

followers 

Bakshy et al 

[7] 

Tracking word of mouth information – spread through Twitter follower network 

Uysal et al 

[8] 

Constructing a model to predict whether a user will retweet a particular tweet from 

the list of new tweets by following retweeting nature of user. Ranking incoming 

tweets 

Bandari et al 

[9] 

Model for predicting popularity of news items on Twitter when news items are 

mentioned as URLS. Compares news item popularity with retweet popularity. 

 

 Most work was based on Twitter data and not much work has been done on user 

popularity measure on Facebook except network analysis. Combining data from different 

social networks for a user is novel in our thesis and work hasn’t been done on this topic.  
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CHAPTER 3 

RANKING OF USERS IN SOCIAL NETWORKS 

 Since their introduction, social network sites (SNSs) such as MySpace, Facebook, 

Cyworld, and Bebo have attracted millions of users, many of whom have integrated these 

sites into their daily practices. Some of the most popular social networks today are Facebook, 

Twitter, LinkedIn, Google Plus [39]. For this thesis we will be using Facebook, Twitter and 

YouTube as the primary source of social network data. 

 

Figure 1: Example Facebook page 

 

Figure 2: Example Twitter Page 
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Figure 3: Example YouTube Page 

 

3.1 Data Sources 

 To analyze the characteristics of different features of social networks we need same 

users that are present in different social networks to be consistent. Hence we selected users 

that could be found in Twitter, Facebook and YouTube and whose accounts are verified. We 

need the accounts to be verified as otherwise there are multiple accounts and we cannot find 

which account is the legitimate account of the user. We selected 17 users randomly based on 

their verified accounts in Twitter, Facebook and YouTube (social network sites verify 

famous users’ accounts and mark them as verified). Facebook, Twitter and YouTube have 

public APIs that was used for data collection. Facebook account data collected were number 

of likes for pages, number of people talking about the page, number of likes for the 

retrievable number of posts and number of shares for the posts. Twitter account data 

collected were number of followers, number of tweets, number of re-tweets and number of 

favorites for their tweets. YouTube account data collected were number of subscribers for the 

page, number of videos published, number of views for the videos and number of comments 

for the videos. Below is a snapshot of the first few rows of data. 
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Figure 4: Facebook top users data 

 

Figure 5: Twitter top users data 
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Figure 6: YouTube top users data 

Explanation for the features collected is given below: 

Table 2: Explanation of social network data collected 

Social 

Network 

Features Explanation 

Facebook 

Page likes 

Users can like a public page to receive their updates and this is total 

number of users who have liked a particular Facebook page 

People 

talking 

This is the total count of users in a seven day span who like a page, post 

on the wall, like/comment/share a post, mention the page, tag on a 

photo, check-in, etc. 

Post likes 

Total number of likes for all the posts (that are retrievable through the 

API) 

Post shares 

Total number of shares (will appear on the timeline of the user who 

shares) for all the posts (that are retrievable through the API) 

Twitter Followers 

Users can follow a public twitter account to receive their tweets and this 

is the total number of followers who have followers a particular Twitter 
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Social 

Network 

Features Explanation 

account 

Tweets Total number of updates of the user 

Re-tweets 

A re-tweet is someone else's Tweet that a user chooses to share with all 

of your followers. This feature is total number of re-tweets for all tweets 

(retrievable from Twitter API) 

Favorites 

Favorites, represented by a small star icon next to a Tweet, are most 

commonly used when users like a Tweet. Favoriting a Tweet can let the 

original poster know that you liked their Tweet, or you can save the 

Tweet for later. This feature it total number of favorites for all the tweets 

(retrievable from Twitter API) 

YouTube 

Subscribers Total number of subscribers for the YouTube channel 

Videos Total number of videos published by the user in the channel 

Views Total number of views for all the videos in the channel 

Comments 

Total number of comments received for all the videos published in the 

channel (we do not distinguish positive and negative comments in this 

analysis) 

 

3.2 Consistency Check within Networks 

 The first step in analysis the collected data is to check for consistency of the features 

extracted. For each social network we have four features of the users and we did a Spearman 

correlation [44] analysis without multiple testing error correction, between the features to 

understand them.  
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 For Twitter we did correlation between ranks of number of followers, number of 

tweets, number of re-tweets and number of favorites for 117 users. And we could see that 

number of followers, re-tweets and favorites correlated with each other well but number of 

tweets (updates of user) did not. 

 

Figure 7: Correlation within Random Twitter Data 

 For Facebook we did correlation between number of page likes, number of people 

talking, number of post likes and number of post shares. And we could see that all the 

features correlate well with each other significantly. 

 

Figure 8: Correlation within Random Facebook Data 

 For YouTube we did correlation between number of subscribers for the channel, 

number of videos, number of views and number of comments. We were able to see that 

number of subscribers, comments and views correlate well with each other but number of 

videos (updates of the user) doesn’t correlate as well as others. 

 

Figure 9: Correlation within random YouTube Data 
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3.3 Consistency Check between Networks 

 Different social network features are used for ranking and there are different ways or 

ranking users. We have analyzed how each feature correlates with each other in each social 

network, and what is more interesting is to see how features correlate between social 

networks. And this will show us how consistent different social networks are in describing 

the prominence of users and also if users are equally present in different social networks. We 

grouped similar features together to do this analysis.  

 Number of followers in Twitter, number of page likes in Facebook and number of 

subscribers in YouTube are similar to each other because all of them say how many users 

have found this user useful enough to get their updates and to keep track of their social 

network activity. And by the correlation analysis below, we can see that these features 

correlate very well with each other. 

 

Figure 10: Correlation between Likes, Followers, Subscribers 

 Number of tweets in Twitter and number of videos in YouTube are similar to each 

other because they give us the activity of the user. Number of people talking in Facebook is 

indirectly giving us the activity of the user. Because if the user is more active more people 

visit the user’s page which increases the “Number of people talking” count. Therefore these 

measures can be grouped together. And by the correlation analysis results below, we can see 

that these features do not correlate very well with each other, and using the analysis we did 

within social networks we can say that user updates do not correlate with other people driven 

features. 
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Figure 11: Correlation between Tweets, Videos, People Talking 

 Number of re-tweets in Twitter, number of post likes in Facebook and number of 

views in YouTube are very similar to each other. They represent the quality of the updates 

made by the user which makes followers to visit, re-tweet and like the update. And by the 

correlation analysis below, we can say that these feature correlate fairly with each other. 

 

Figure 12: Correlation between Re-tweets, Post likes, Views 

 Number of favorites in Twitter, number of shares in Facebook and number of 

comments in YouTube are similar. People share or make the updates as their favorites when 

they find the update amusing. However, comments can be both positive and negative and we 

haven’t differentiated it, but vaguely assume that more the number of comments, better the 

quality of the published video. And by the correlation analysis below we can say that number 

of comments correlates well with favorites and shares but they do not correlate with each 

other as well.  

 

Figure 13: Correlation between Post shares, Favorites, Comments 
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CHAPTER 4 

RELIABILITY OF SOCIAL NETWORK USER RANKING 

 As discussed in previous chapter, we found, we have many properties of users in 

different social networks which users commonly use to rank the accounts, but the question is 

if we can trust the social network ranking that is prevalent. And in order to do this we can 

compare it with accepted ranking methods and depending on how it compares we can judge 

on its trustworthiness. 

4.1 Accepted Ranking Methods 

4.1.1 U.S. News ranking 

 USNews ranking is called as the “Granddaddy” of the college rankings. It was 

established in 1983 and it is the most influential of all the college rankings. The popularity of 

U.S. News & World Report’s college rankings is reflected in its release [45]. 

10 million page views in the first three days 

80% of visitor access the ranking section of the website 

A one-rank improvement leads to a 0.9% increase in number of participants 

The printed issue of the college rankings sells 50% more than its normal issues. 

 Undergrad universities ranking criteria: it is the weighted average of 8 quantitative 

and qualitative criteria: 

 Faculty resources (20%) 

 Retention (20%) 

 Peer assessment (15%) 

 Student selectivity (15%) 

 Financial resources (10%)  



15 

 

 High school guidance counselor assessment (7.5%) 

 Graduation rate (7.5%) 

 Alumni giving (5%) 
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Figure 14: U.S. News Undergrad College Ranking Algorithm 

4.1.2 Research Ranking 

 Microsoft academic search is a free academic search engine developed by Microsoft 

Research. It covers more than 48 million publications and over 20 million authors. 
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Figure 15: Microsoft Academic Search snapshot 

 We get two features for each university from Microsoft academic search and they are: 

Number of publications: Total number of publications of all the authors in the university. 

This number will give us a collective value of research happening in the university. And it 

doesn’t show us the significance of the publications, in other words, quality of research is 

now a characteristic of this feature. 

Citation count: Total number of citation of all the papers published by all the authors of the 

university. This number is a collective sum of all the research publications’ citations. While it 

is highly dependent on many attributes, we could say that it will give us a picture of the 

quality of research of the university. However it is dependent on the popularity of the 

university, the subject of the paper, the popularity of the author, etc. 

4.1.3 University Ranking by Academic Performance (URAP) 

 First published in 2010, the University Ranking by Academic Performance (URAP) 

was developed in the Informatics Institute of Middle East Technical 

University in Turkey and ranked 2,000 universities according to an aggregation of six 

academic research performance indicators: current productivity (number of published 

articles), long-term productivity (total documents from Institute for Scientific Information), 

http://en.wikipedia.org/wiki/Middle_East_Technical_University
http://en.wikipedia.org/wiki/Middle_East_Technical_University
http://en.wikipedia.org/wiki/Turkey
http://en.wikipedia.org/wiki/Institute_for_Scientific_Information
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research impact (citations from Institute for Scientific Information), impact (cumulative 

journal impact), quality (Journal Citation Impact Total), and international collaboration. 

 

Figure 16: University Ranking by Academic Performance (URAP) snapshot 

4.2 Additional Features Collection 

 We needed a new dataset as the accepted ranking methods we chose were specific for 

universities. Therefore, we collected 150 universities’ Twitter, Facebook and YouTube 

accounts that were mentioned in their website homepage.  

 

Figure 17: Harvard University Home Page 

 The new dataset has the following columns for each university: 

 USNews: Rank 

 Microsoft academic search: Number of publications, Citation count 

 URAP: Score 

http://en.wikipedia.org/wiki/Institute_for_Scientific_Information
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 Twitter: Followers, Tweets, Re-tweets, Favorites 

 Facebook: Page likes, people talking, post likes, post shares 

 YouTube: Subscribers, videos, comments, views 

Table 3: Harvard University Social Network Data 

UNIVERSITY Harvard

PUBLICATIONS 598771

CITATION COUNT 9,339,998

USNEWS RANK 1

SUM 600

FOLLOWERS 295703

TWEETS 16457

RE-TWEET COUNT 65496

FAVORITES 30839

LIKES 2380527

PEOPLE TALKING 51388

POST LIKES 2119500

POST SHARES 253991

VIEW 19122330

COMMENT 448

SUBSCRIBER 124177

VIDEO 1442  

4.3 Correlation Analysis 

 We did an analysis between all the accepted ranking measures and all the social 

network features and the using the results we can decide on reliability of social networks.  

4.3.1 With U.S. News Rank 

 We have 150 universities’ social network and U.S. News data. Twelve measures of 

social networks were compared with the same user’s USNews score. Twitter followers and 

YouTube subscribers were correlated with significant p-value and other measures had weak 

correlation. 
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Figure 18: Social Network Rank Correlation with U.S. News score 

4.3.2 With Microsoft Academic Search Rank 

 The same twelve measures of social network were compared with the same user’s 

Microsoft academic search number of publications and citation count score for 150 

universities. All the social network features were correlated with significant p-value. 

 

Figure 19: Social Network Rank Correlation with Research Publications Count 
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Figure 20: Social Network Rank Correlation with Research Citation Count 

4.3.3 With URAP Rank 

 12 measures of social network were compared with the same URAP research score 

for 150 universities and all the social network features were correlated with significant p-

value. 

 

Figure 21: Social Network Rank Correlation with URAP 

 The results are quite interesting and it gives us the idea that social network ranking 

can be trusted. 
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CHAPTER 5 

PROPOSED METHODS OF SOCIAL NETWORK RANKING 

 Apart from the standard four features of Twitter we collected and derived four more 

methods of ranking and they are explained as follows: 

5.1 H-index 

 The idea was derived from the Hirsch index. The definition of h-index is as follows:  

A scientist has index h if h of his/her Np papers have at least h citations each, and the other 

(Np − h) papers have no more than h citations each. 

 

Figure 22: H-index for Social Networks 

 We calculated the h-index for each university based on the university’s tweets and 

number of re-tweets just like papers and number of citations in the Hirsch index. Below in 

the steps we used to calculate the h-index for each university: 

Create a list of all tweets and number of re-tweets (for each tweet)  

Re-order the list by descending order of the number of re-tweets 

Add an index starting from 1 for each tweet 

H-index is the index value at which the re-tweet count of a tweet is equal to or larger than the 

line number of a given tweet 
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Table 4: Sample H-index Data 

UNIVERSITY TWITTER-H-INDEX

Columbia 7

University of Chicago 7

University of Pennsylvania 10

Duke 6

Dartmouth 6

Northwestern University 13

John Hopkins University 5

Washington University in St. Louis 8

Cornell University 17  

5.2 Age of Account 

 Age of the social network is how old the Twitter account is. We got the account 

creation date and calculated Twitter account age in the “year.month” format. Age of account 

cannot be used to rank the user but as an additional social network information. Therefore we 

obtained the age of the Twitter account for each university in terms of years and months. 

Table 5: Sample Social Network Account Duration Data 

UNIVERSITY TWITTER ACC DURATION

Columbia 2.2

University of Chicago 3

University of Pennsylvania 4.1

Duke 4

Dartmouth 4.2

Northwestern University 4

John Hopkins University 5

Washington University in St. Louis 4.5

Cornell University 4.5  

5.3 Popularity of followed users 

 Each Twitter user has a total following number. This number is the total number of 

Twitter users that the current user is following. This number could mean multiple things, if 

the number was high we could think that this user is active in Twitter and likes to read 

others’ tweets, or that the user reciprocates by following those that follow him, or that the 

user clicked on follow button on many users but never keeps track on the tweets, etc. Hence, 

this is also not a measure to rank a user so we went one level deeper. We calculated the total 
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number of followers that all the users (that current user is following) have and averaged it to 

total following count to get a following popularity index. 

Table 6: Sample Twitter Average Following Popularity Data 

UNIVERSITY TWITTER-AVERAGE FOLLOWING POPULARITY

Columbia 142338.72

University of Chicago 42768.25

University of Pennsylvania 158837.96

Duke 90036.87

Dartmouth 11958.81

Northwestern University 87991.68

John Hopkins University 43967.37

Washington University in St. Louis 1556.20

Cornell University 168451.37  

5.4 Average Re-tweet 

 Total re-tweet count is comparable to number of citations in research world, and even 

though number of citations is important, average citation for each publication gives more 

information on the quality of the author. Likewise in Twitter, average re-tweet count for 

tweets give a better picture of the user’s tweeting quality. Because when a user is a frequent 

tweeter, the total re-tweets count might be because of the sheer number of tweets so average 

re-tweet count is another measure we added. 

Table 7: Sample Average Re-tweet for a Tweet Data 

UNIVERSITY AVG RETWEET FOR A TWEET

Columbia 1.93

University of Chicago 2.29

University of Pennsylvania 2.64

Duke 2.17

Dartmouth 1.80

Northwestern University 5.37

John Hopkins University 2.00

Washington University in St. Louis 1.36

Cornell University 4.68  

5.5 Comparison of New Methods with TwitterCounter 

 Twitter Counter is an analytics service for Twitter. It is the number 1 stats site for 

Twitter users. It provides statistics of Twitter usage and tracks over 94 million users and 

http://en.wikipedia.org/wiki/Twitter
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counting. We compared the Twitter ranking methods with Twitter Counter’s rank. H-index 

and average re-tweet correlated well with Twitter Counter score but Twitter account duration 

and average following popularity score had no or weak correlation. 

 

Figure 23: Correlation Analysis of New Methods with TwitterCounter 

5.6 Correlation Analysis with Accepted Ranking Methods 

 We did correlation analysis of all the new ranking methods with accepted ranking 

methods. H-index measure has correlation with all accepted ranking methods, average re-

tweet has correlation with some measures but the other two measures do not seem to 

correlate well. With USNews rank Twitter account duration seem to correlate weakly. 

 

Figure 24: Correlation Analysis of New Methods with Accepted Ranking 
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CHAPTER 6 

COMPOSITE SOCIAL NETWORK RANKING 

6.1 Methodology 

 In this chapter we have described our methodology of ranking social network user. 

We have 8 measures of ranking for Twitter, 4 measures for Facebook and 4 measures for 

YouTube. The steps are as follows: 

 Finding clusters 

 Selecting one attribute for each cluster based on variance 

Hierarchical clustering method was used to find clusters and 4 clusters were detected based 

on linkage criteria on Ward’s criterion [43]. 

 

Figure 25: Hierarchical Clustering of Social Network Features Output 

Therefore 4 clusters detected were: 

1. Twitter: followers, tweets, comments, acc duration, average re-tweet, favorites, h-

index, YouTube: subscriber, video. Facebook: people talking, post shares 

2. Facebook: likes 
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3. Facebook: posts likes 

4. YouTube: views 

In the first cluster, Twitter followers was the attribute with maximum variance and therefore 

the 4 attributes that rank social networks are: 

1. Twitter Followers 

2. Facebook page likes 

3. Facebook post likes 

4. YouTube views 

6.2 Correlation Analysis with Accepted Ranking Methods 

 All the four social network ranking measures correlate well with USNews rank, 

Microsoft academic search rank (publications, citations) and URAP score with very 

significant p-value.  

Table 8: Correlation of Social Network Rank with Accepted Ranking 

Accepted rank Social Network rank Spearman coefficient p value

USNews score Twitter Followers 0.348 <0.0001

USNews score Facebook page likes 0.268 0.001

USNews score Facebook post l ikes 0.1888 0.022

USNews score YouTube views 0.2984 0.0002

Citation count Twitter Followers 0.465 <0.0001

Citation count Facebook page likes 0.4538 <0.0001

Citation count Facebook post l ikes 0.393 <0.0001

Citation count YouTube views 0.3821 <0.0001

Publications Twitter Followers 0.478 <0.0001

Publications Facebook page likes 0.4905 <0.0001

Publications Facebook post l ikes 0.4375 <0.0001

Publications YouTube views 0.3948 <0.0001

URAP score Twitter Followers 0.5904 <0.0001

URAP score Facebook page likes 0.5895 <0.0001

URAP score Facebook post l ikes 0.5385 <0.0001

URAP score YouTube views 0.4167 <0.0001  
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CHAPTER 7 

DATA MINING STUDY 

7.1 Rank Difference Calculation 

 In this chapter, we are going to describe the data mining process and interesting 

patterns observed. By the end of last chapter, we described the 4 measures that we will be 

using to rank social networks which are followers, page likes, post likes and views. We have 

to define a method to find rank difference for classification purpose. And that is described as 

follows: 

 Calculate rank difference between one accepted rank and all four social network 

ranks. 

 Calculate standard deviation of the ranks 

 Calculate total rank difference 

 Filter out users with large deviation in ranks 

 Using the rest of the users with minimum deviation, use the rank difference to find 

classes 

Table 9: Rank Difference Calculation between Social Network and U.S. News 

UNIVERSITY Standard deviationDifference total UN-Followers UN-Likes UN-Postlikes UN-Views

Colorado School of Mines -33.97 -100 -24 -25 -22 -29

Lehigh University -33.66 -197 -46 -56 -52 -43

Rensselaer Polytechnic Institute -23.55 -245 -69 -60 -69 -47

Wake Forest University -18.93 -257 -62 -57 -54 -84

Brandeis University -14.58 -234 -36 -66 -73 -59

SUNY College of Environmental Science and Forestry-13.86 -112 -35 -33 -27 -17

Washington University in St. Louis -12.17 -215 -58 -61 -68 -28

University of California-Santa Barbara-9.87 -231 -66 -23 -74 -68

Stevens Institute of Technology -8.59 -90 -33 -29 -18 -10
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7.2 Universities that have Positive Correlate with U.S. News Rank 

 Universities that fall under this category will be those with minimum rank difference 

total (sum of rank differences between USNews and 4 social network ranks) and having less 

standard deviation among the four rank differences. University name and total rank 

difference is given below: 

Table 10: Universities that have Positive Correlate with U.S. News Rank 

UNIVERSITY Rank difference

University of San Diego -14

University of California-Davis -18

Tulane University -16

Northeastern University 1

Drexel university 4

University of Notre Dame 8

University of North Carolina-Chapel Hill 11

Rutgers, The State University of New Jersey - New Brunswick 25

University of California - Santa Cruz 19  

7.3 Universities that have Negative Correlation with U.S. News Rank 

 Universities that fall under this category will be those with maximum rank difference 

total (sum of rank differences between USNews and 4 social network ranks) and having less 

standard deviation among the four rank differences. University name and total rank 

difference is given below: 

Table 11: Universities that Inverse Correlate with U.S. News rank 

UNIVERSITY Difference total

Colorado School of Mines -100

Lehigh University -197

Rensselaer Polytechnic Institute -245

Wake Forest University -257

Brandeis University -234

SUNY College of Environmental Science and Forestry -112

Washington University in St. Louis -215

St. Johns Fisher College 168

University of Kansas - Lawrence 376

Oregon State University 478

University of Cincinnati 287

University of South California 385

Arizona State University 501  
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7.4 Universities that have Positive Correlation with Research Rank 

 Universities that fall under this category will be those with minimum rank difference 

total (sum of rank differences between Microsoft citations count rank and 4 social network 

ranks) and having less standard deviation among the four rank differences. University name 

and total rank difference is given below: 

Table 12: Universities that Correlate with Research Rank 

UNIVERSITY Rank difference

Northwestern University -33.00

University of Southern California -20.00

University of Iowa -2.13

Clarkson University -1.88

University of San Francisco -1.17

Binghamton University - SUNY 0.00

University of St. Thomas 0.00

Temple University 0.04

University of Colorado-Boulder 0.17

University of the Pacific 0.71

Fordham University 0.79

Miami University - Oxford 0.94

Washington State University, Pullman 1.18

Colorado School of Mines 1.36

University of Virginia 1.45

Stevens Institute of Technology 1.72  

7.5 Universities that have Negative Correlation with Research Rank 

 Universities that fall under this category will be those with maximum rank difference 

total (sum of rank differences between Microsoft citations count rank and 4 social network 

ranks) and having less standard deviation among the four rank differences. University name 

and total rank difference is given below: 



31 

 

Table 13: Universities that Inverse Correlate with Research Rank 

UNIVERSITY Rank difference

University of Vermont -267

St. Louis University -211

Wake Forest University -301

Brandeis University -274

Washington University in St. Louis -263

University of Il l inois, Chicago -211

University of Notre Dame 260

University of Il l inois-Urbana Champaign 295

Purdue University - West Lafayette 202

Virginia Tech 197

University of Tennesse 374  

 

7.6 University Information Sources 

7.6.1 General Information 

 This chapter details the list of information obtained about the subjects of interest to 

perform data mining to try to understand and reason the rank difference. Below is a table 

which contains different details of universities collected from their websites and from U.S 

News website. 

Table 14: List of Universities General Information Data 

ATTRIBUTE DESCRIPTION 

Selectivity 

The college's relative performance in this measure of how much competition 

applicants face for admission. (Most selective/More selective/Selective/Less 

selective) 

High school 

counselor 

score 

The school's average score on a survey asking high school counselors to rate 

its undergraduate academic quality on a scale of 1 (marginal) to 5 

(distinguished) or "don't know" 

Average The percentage of freshmen who returned to the college the following fall, 
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ATTRIBUTE DESCRIPTION 

freshman 

retention rate 

averaged over the first-year classes entering between fall 2008 through fall 

2011. 

Classes with 

fewer than 20 

students 

The percentage of undergraduate classes, excluding class subsections, with 

fewer than 20 students enrolled during fall 2012. 

Classes with 

50 or more 

students 

The percentage of undergraduate classes, excluding class subsections, with 

50 students or more enrolled during fall 2012. 

Student-

faculty ratio 

The number of FTE undergraduate students per FTE faculty 

Fall 2012 

acceptance 

rate 

 The ratio of the number of students admitted to the number of applicants for 

fall 2012 admission. The acceptance rate is equal to the total number of 

students admitted divided by the total number of applicants. 

6-year 

graduation 

rate 

The percentage of an entering class that graduated within six years for the 

most recent cohort of students. 

Predicted 

graduation 

rate 

The percentage of students who should graduate from the college, based on 

characteristics of the entering class and the characteristics of the institution. 

Overperform

ance(+)/Unde

rperformance

The difference between the actual six-year graduation rate for students 

entering in the fall of 2005 and the U.S. News predicted graduation rate. 
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ATTRIBUTE DESCRIPTION 

(-) 

Graduation 

and retention 

rank 

The college's relative performance in these measures of the percentages of 

students who graduate in six years and freshmen who return the following 

fall. 

Peer 

assessment 

score  

The school's average score on a survey asking top college administrators to 

rate its undergrad academic quality on a scale of 1 (marginal) to 5 

(distinguished) or "don't know"  

Faculty 

resources 

rank 

The school's relative performance in this measure that includes class sizes, 

student-faculty ratio, and faculty salaries. 

Percent of 

faculty who 

are full-time 

Percentage of faculty who are working full-time in the University 

Student 

selectivity 

rank 

The college's relative performance in this measure of how much competition 

applicants face for admission. 

SAT/ACT 

25th-75th 

percentile 

25 percent of the college's students scored at or below the lower end of this 

range, and 25 percent scored at or above the upper end 

Freshmen in 

top 10 

percent of 

The proportion of students enrolled for the academic year beginning in fall 

2012 who graduated in the top 10 percent of their high school class 
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ATTRIBUTE DESCRIPTION 

high school 

class 

Freshmen in 

top 25 

percent of 

high school 

class 

The proportion of students enrolled for the academic year beginning in fall 

2012 who graduated in the top 25 percent of their high school class 

Financial 

resources 

rank 

The college's relative performance in this measure of the average spent per 

student on instruction, research, student services, and educational 

expenditures 

Alumni 

giving rank 

The college's relative performance in this proxy measure for student 

satisfaction. 

Average 

alumni giving 

rate 

The average percentage of undergraduate alumni of record who donated 

money to the college or university. Alumni of record are former full- or part-

time students who received an undergraduate degree and for whom the 

college or university has a current address. 

Tuition and 

fees 

Total tuition/fees  

Students 

enrolled 

Total number of undergraduates enrolled in Fall 2012 

Private/Publi

c 

If the school is private or public 
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ATTRIBUTE DESCRIPTION 

Setting College Town/Urban/Rural/Suburban 

 

7.6.2 Student Ratings 

 To make a university active in social networks, type of students must have a large 

influence and therefore we collected data from Unigo which is a free online college resource 

guide and student platform claiming to cover more than 1,600 colleges and universities in 

the United States [26]. The Unigo website is used by college students to share photos, videos, 

documents, and reviews of their school [27]. High school students and parents use the site as 

a research tool to explore college options. Unigo's main purpose is to create a student-

generated online college guide that does not have the limitations that its print counterparts do 

[28][29]. This allows college students to update information about their school on a 

continuous basis and cover topics not found in traditional guidebooks.  

 

Figure 26: Unigo Student Ratings Snapshot 

The student ratings information collected from Unigo are given below: 

 Intellectual Life 

 Political activity 

http://en.wikipedia.org/wiki/Online
http://en.wikipedia.org/wiki/United_States
http://en.wikipedia.org/wiki/Unigo#cite_note-1
http://en.wikipedia.org/wiki/Website
http://en.wikipedia.org/wiki/Unigo#cite_note-2
http://en.wikipedia.org/wiki/Unigo#cite_note-3
http://en.wikipedia.org/wiki/Unigo#cite_note-3
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 Arts culture 

 Alcohol use 

 Professors accessibility 

 Campus safety 

 Sports culture 

 Greek life 

 Drug culture 

For each of the above factor, the university is given a score between 1 and 10, 1 meaning 

low/not active and 10 meaning high/very active.  

7.6.3 Research Information 

 Apart from student ratings and other general information about the university, we 

wanted to collect the research statistics also because it would provide more insights on the 

quality of education. Hence we included the following details for each university. All the 

data was obtained from www.urapcenter.org 

Table 15: Universities Research Information Description 

ATTRIBUTE DESCRIPTION 

Journal impact Measure of scientific impact which is derived by aggregating the impact 

factors of journals in which a university published articles between 2008 and 

2012. 

Journal citation 

impact 

Measure of received citation quality which is based on the impact factors of 

journals where the citing articles are published.  

International 

collaboration 

Measure of global acceptance of a university. International collaboration data 

is based on the total number of publications made in collaboration with foreign 

universities. 
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7.7 Classification Based on U.S. News Rank 

 In this chapter, we are going to be finding patterns in the data collected for classifying 

rank differences between social network and USNews. For recap, we define the following 

again: 

 We have selected 4 features to represent social network ranking. They are Twitter 

followers, Facebook page likes, Facebook post likes and YouTube video views. 

 To find rank difference, we subtract all the 4 social network feature ranks from 

USNews rank for each university. 

 We calculate standard deviation between all the 4 rank differences which tell us if a 

university is consistently different from USNews rank or not. 

 We define rules for each class based on our goal defined below in each topic after 

carefully studying the dataset properties. 

7.7.1 Positive and Negative Correlation Graphs 

 In this section, we would like to find patterns in the dataset for classifying universities 

that correlate well in their social network presence and their USNews ranking with the 

universities that have inverse correlate in their social network presence and USNews ranking 

(we do not consider direction in this section). The rules for classification are defined below. 

Rules for correlate class: 

 The ratio (Sum of rank differences/Standard deviation) must be between -4 to +4 

 Rank difference must be between -50 and +50 

After filtering, we had a total of 19 universities that fell under the correlate class. 
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Table 16: Universities that Correlate with U.S. News rank 

UNIVERSITY 
Sum of rank / Std 

deviation 

Std 

Deviation 

Sum rank 

difference 

Boston College -1.46 29.95 -44 

University of Virginia -3.51 9.67 -34 

University of California-Davis -0.85 21.11 -18 

Tulane University -0.84 18.93 -16 

University of San Diego -1.54 9.03 -14 

Northeastern University 0.04 24.93 1 

Drexel university 0.31 12.72 4 

University of Notre Dame 0.71 11.19 8 

University of North Carolina Chapel 

Hill 
0.77 14.26 11 

Cornell University 1.96 7.63 15 

University of California Santa Cruz 1.50 12.63 19 

University of Vermont 2.60 8.05 21 

University of Southern California 3.04 7.87 24 

Rutgers, SUNY New Brunswick 1.16 21.51 25 

St. Louis University 2.72 9.17 25 

Illinois Institute of Technology 3.75 8.52 32 

University of the Pacific 3.97 9.81 39 

University of Delaware 3.48 13.78 48 

University of Miami 1.17 42.57 50 

 

Rules for inverse correlate class: 
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 The ratio (Sum of rank differences/Standard deviation) must be less than -12 and 

greater than 30 

 Rank difference must be less than -100 or greater than +130 

After filtering, we had a total of 17 universities that fell in inverse correlate class. 

 

Table 17: Universities that Inverse Correlate with U.S. News rank 

UNIVERSITY 

Sum of rank/Std 

deviation 

Std 

Deviation 

Sum rank 

difference 

Wake Forest University -18.93 13.57 -257 

Rensselaer Polytechnic Institute -23.54 10.40 -245 

Brandeis University -14.57 16.05 -234 

Washington University in St. Louis -12.16 17.67 -215 

Lehigh University -33.66 5.85 -197 

SUNY College of Environmental 

Science and Forestry 

-13.85 8.08 -112 

Colorado School of Mines -33.96 2.94 -100 

South Carolina State University 75.05 1.73 130 

St. Johns Fisher College 35.81 4.69 168 

Virginia Tech 32.66 5.90 193 

Purdue University – West Lafayette 34.26 6.24 214 

University of Cincinnati 41.31 6.94 287 

University of Tennessee 31.89 10.47 334 

University of Kansas – Lawrence 37.47 10.03 376 
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UNIVERSITY 

Sum of rank/Std 

deviation 

Std 

Deviation 

Sum rank 

difference 

University of South California 42.28 9.10 385 

Oregon State University 40.16 11.90 478 

Arizona State University 59.21 8.46 501 

  

 Using simple visualization techniques, the data was analyzed first and below are 

some interesting histograms that are worth explaining. 

 

Figure 27: USNews Correlate & Inverse Correlate histogram 

The histogram colored in red represents Correlate class with 19 data points and the one 

colored in blue represents Inverse correlate class with 17 data points. 

 

Figure 28: SAT percentile distribution for USNews Correlate & Inverse Correlate 

 The correlate class seems to be inclined towards higher SAT 25th and 75th percentile 

score whereas the inverse correlate class seems to be equally distributed through the middle 

and high scores with some data falling on the lower end of the score also. 
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Figure 29: Faculty and Financial Resources distribution for USNews Correlate & Inverse 

Correlate 

Correlate class is denser on the lower end of the faculty and financial resources rank which 

suggests that universities that fall in this category have better faculty and financial resources. 

The inverse correlated universities are spread across the limits of faculty and financial 

resource ranks. 

 

Figure 30: Freshman in top 25% distribution for USNews Correlate & Inverse Correlate 

This graph suggests that universities that fall under correlate class have more number of their 

freshman in top 25 percent of high school class. So universities that have consistent ranking 

in USNews and social networks tend to have more students from top 25 percent of high 

school class. And the inverse correlated universities are widespread from 50 to 100%. 

 

Figure 31: Retention and Graduation rate distribution for USNews Correlate & Inverse 

Correlate 

This graph also suggests that universities that are consistent in their academic ranking and 

social network ranking have better freshman retention rate and graduation rate on the whole 
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than the ones that are not consistent. The lower retention and graduation rates are found in 

universities that are inversely correlated. 

7.7.2 Low Marketing and High Marketing Graphs 

 In this section, we would like to find patterns in the dataset for classifying universities 

that are ranked high in USNews and low in social networks (Low marketing) and that are 

ranked high in social networks and low in USNews (High marketing) assuming that the 

presence of social network activity means marketing. The rules for classification are defined 

below. 

Rules for low marketing class: 

 The ratio (Sum of rank differences/Standard deviation) must be large with less 

standard deviation. 

 Rank difference must be less than or equal to -90 

After filtering, we had a total of 17 universities that fell under the low marketing class. 

Table 18: Universities in Low Marketing w.r.t U.S. News rank 

UNIVERSITY 

Sum of rank/Std 

deviation 

Std 

Deviation 

Sum rank 

difference 

Wake Forest University -18.93 13.57 -257 

Rensselaer Polytechnic Institute -23.54 10.40 -245 

Brandeis University -14.57 16.05 -234 

University of California-San Diego -8.54 27.14 -232 

University of California-Santa Barbara -9.86 23.41 -231 

Washington University in St. Louis -12.16 17.67 -215 

Lehigh University -33.66 5.85 -197 
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UNIVERSITY 

Sum of rank/Std 

deviation 

Std 

Deviation 

Sum rank 

difference 

Yeshiva University -6.07 30.77 -187 

Tufts University -6.36 28.42 -181 

Rice University -5.11 30.70 -157 

University of Chicago -6.39 21.40 -137 

SUNY College of Environmental 

Science and Forestry 

-13.85 8.08 -112 

Worcester Polytechnic Institute -4.72 23.70 -112 

University of Rochester -3.18 32.99 -105 

Colorado School of Mines -33.96 2.94 -100 

Duke -3.61 25.44 -92 

Stevens Institute of Technology -8.59 10.47 -90 

 

Rules for high marketing class: 

 The ratio (Sum of rank differences/Standard deviation) must be greater than +15 

 Rank difference must be greater than or equal to +200 

After filtering, we had a total of 20 universities that fell in high marketing class. 

 

Table 19: Universities in High Marketing w.r.t U.S. News rank 

UNIVERSITY 

Sum of rank/Std 

deviation 

Std 

Deviation 

Sum rank 

difference 

University of Dayton 15.66 13.59 213 
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Purdue University – West 

Lafayette 

34.26 6.24 214 

University of Albany-SUNY 15.24 14.16 216 

Michigan State University 20.50 11.26 231 

Hofstra University 15.53 18.01 280 

University of Cincinnati 41.31 6.94 287 

North Carolina State University – 

Raleigh 

15.46 19.91 308 

Washington State University, 

Pullman 

16.15 19.5 315 

University of Rhode Island 24.61 13.40 330 

University of Tennessee 31.89 10.47 334 

Ohio University 16.97 19.79 336 

University of Utah 17.24 19.88 343 

University of Kansas – Lawrence 37.47 10.03 376 

University of South California 42.28 9.10 385 

University of Kentucky 17.48 22.47 393 

Kansas State University 28.91 14.45 418 

Colorado State University 21.46 19.70 423 

Oklahoma State University 25.72 17.41 448 

Oregon State University 40.16 11.90 478 

Arizona State University 59.21 8.46 501 
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 Using simple visualization techniques, the data was analyzed first and below are 

some very striking differences that can be identified easily using these histograms. 

 

Figure 32: Low & High Marketing w.r.t USNews histogram 

  

 The histogram colored in blue represents Low marketing class with 17 data points 

and the one colored in red represents High marketing correlate class with 20 data points. 

 

 

Figure 33: Acceptance rate distribution for Low & High Marketing w.r.t USNews 

 

 The acceptance rate is strikingly lower for the Low marketing class (universities that 

are ranked higher in USNews but have low social network presence) and High marketing 

class have higher acceptance rate. 
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Figure 34: Academia Features distribution for Low & High Marketing w.r.t USNews 

  

 All the above attributes represent the quality of education academically. And the low 

marketing class has higher retention rate, graduation rate and has their freshman in top 10 

percent of high school class. The difference is visibly large and the high marketing class is 

distinctly lower in values for these attributes that measure the academic performance. 

 

 

Figure 35: Graduation and Selectivity distribution for Low & High Marketing w.r.t USNews 

 

 High marketing class has better ranks for graduation and retention rank and student 

selectivity rank which mean that they have strict selection criteria to achieve better 

graduation rank. And the low marketing class is on the other side of the spectrum. 
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Figure 36: SAT percentile distribution for Low & High Marketing w.r.t USNews 

 

 Just as we would have guessed, the SAT percentile is much higher for low marketing 

class and lower for high marketing class. 

 

 

Figure 37: Student Faculty ratio and Under 20 classes distribution for Low & High 

Marketing w.r.t USNews 

 

 Student faculty ratio is the number of number of FTE students per FTE faculty and 

for low marketing universities they have low student faculty ratio then high marketing 

universities. Percentage of classes with under 20 students are higher (near 75%) for low 

marketing universities than high marketing ones. 

 

Other interesting information is explained in the histograms below: 
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Figure 38: General information distribution for Low & High Marketing w.r.t USNews 

 

 Number of private universities in low marketing class is higher and number of public 

universities in high marketing class is higher. Low marketing universities fall in the higher 

end of the tuition spectrum than the low marketing ones. We can see a pattern in UNIGO 

student ranking for these 2 classes. Both for arts and sports low marketing universities are 

ranked lower than the high marketing universities. 

7.7.3 Feature Selection 

 Before applying any data mining algorithm, it is important to do dimensionality 

reduction if we have a large set of features like in our case. Therefore this chapter aims to 

explain the methods we used for feature selection. We have used information gain as the 

measure to select features. Information gain of an attribute is the change in entropy from the 

dataset before applying the attribute as a condition for split and the dataset after split. We 

want to determine which attribute in a given set of training feature vectors is most useful for 

discriminating between the classes to be learned. Information gain tells us how important a 

given attribute of the feature vectors is.  

 We have two classification problems, one is correlate and inverse correlate classes 

and the other one is low and high marketing classes. When we deployed information gain 
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feature selection method for the first set of data the following attributes were selected in the 

order of information gain of each attribute. 

 

Figure 39: Feature selection for Correlate & Inverse correlate (USNews) 

 

 Next, we selected features for the low/high marketing dataset and the following are 

the attributes that have significant information gain for classification. 

 

Figure 40: Feature selection for Low & High marketing (USNews) 

 

7.7.4 Linear Regression 
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 In this chapter we are going to perform regression analysis on our dataset to find 

interesting equations. Linear regression attempts to model the relationship between two 

variables by fitting a linear equation to observed data. One variable is considered to be an 

explanatory variable, and the other is considered to be a dependent variable [42].  

 On the feature selected dataset we perform linear regression with a statistical analysis 

tool called JMP and below are the results. The predictor variable in this case is the rank 

difference and the dependent variables are: 

 Average freshman retention rate 

 6 year graduation rate 

 Student faculty ratio 

 Predicted graduation rate 

 Freshman in top 10 percent of high school class 

 Total undergraduates 

 UNIGO sports score 

 Fall 2011 acceptance rate 

 Graduation and retention rate 

 It is important we understand the meaning of the explanatory variable (rank 

difference here). Rank difference varies from -300 to +600. This is the sum of rank 

differences between USNews rank and the four social network ranks. Therefore a negative 

rank difference means it is ranked higher in USNews and lower in social network and a 

positive rank difference means it is ranked lower in USNews and higher in social network. 

Therefore universities that end up in the lower end of the distribution in the limits (-300,600) 

are those that have lower marketing and those universities that end up in the higher end of the 
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distribution in the limits (-300,600) are those that have higher marketing. Below are the 

graphs and linear regression equations for the above mentioned dependent variables. 

 

Figure 41: Bivariate fit of Rank difference by Freshman Retention rate (USNews) 

 From the above graph, we can interpret that average freshman retention rate inversely 

correlate with the rank difference (i.e.) data points with negative rank differences (low 

marketing) have higher average freshman retention rate and data points with positive rank 

differences (high marketing) have lower average freshman retention rate. The coefficient of 

the linear fit for average freshman retention rate is approximately -20 for predicting the rank 

difference. 
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Figure 42: Bivariate fit of Rank difference by 6-year Graduation rate (USNews) 

  From the above graph, we can interpret that 6 year graduation rate also inversely 

correlates with the rank difference (i.e.) data points with negative rank differences (high 

marketing) have higher 6 year graduation rate and data points with positive rank differences 

(low marketing) have lower 6 year graduation rate. The coefficient of the linear fit for 6 year 

graduation rate is approximately -11 for predicting the rank difference. 
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Figure 43: Bivariate fit of Rank difference by Freshman Retention rate (USNews) 

 From the above graph, we can interpret that student faculty ratio directly correlates 

with the rank difference (i.e.) data points with positive rank differences (high marketing) 

have higher student faculty ratio (more students per faculty) and data points with negative 

rank differences (low marketing) have lower student faculty ratio (less students per faculty). 

The coefficient of the linear fit for student faculty ratio is approximately +26 for predicting 

the rank difference. 
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Figure 44: Bivariate fit of Rank difference by Predicted Graduation rate (USNews) 

 From the above graph, we can interpret that predicted graduation rate inversely 

correlate with the rank difference (i.e.) data points with negative rank differences (low 

marketing) have higher predicted graduation rate and data points with positive rank 

differences (high marketing) have lower predicted graduation rate. The coefficient of the 

linear fit for predicted graduation rate is approximately -9 for predicting the rank difference. 
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Figure 45: Bivariate fit of Rank difference by Freshman in top 10% (USNews) 

 From the above graph, we can interpret that percentage of freshman in top 10 percent 

of high school class inversely correlate with the rank difference (i.e.) data points with 

negative rank differences (low marketing) have higher percentage of freshman in top 10 

percent of high school class and data points with positive rank differences (high marketing) 

have lower percentage of freshman in top 10 percent of high school class. The coefficient of 

the linear fit for percentage of freshman in top 10 percent of high school class is 

approximately -5 for predicting the rank difference. 
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Figure 46: Bivariate fit of Rank difference by Undergraduates (USNews) 

 From the above graph, we can interpret that total undergraduates directly correlate 

with the rank difference (i.e.) data points with positive rank differences (high marketing) 

have higher total undergraduates (more population) and data points with negative rank 

differences (low marketing) have lower total undergraduates (less population). This could 

mean both, low marketing universities are more selective in selecting their students and also 

that more number of students select schools with high marketing. The coefficient of the 

linear fit for total undergraduates is approximately +0.01 for predicting the rank difference. 
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Figure 47: Bivariate fit of Rank difference by Unigo Sports score (USNews) 

 From the above graph, we can interpret that UNIGO sports culture students score 

directly correlates with the rank difference (i.e.) data points with positive rank differences 

(high marketing) have higher UNIGO sports culture students score and data points with 

negative rank differences (low marketing) have lower UNIGO sports culture students score. 

This suggests that universities that are active in sports tend to be more popular in social 

networks. The coefficient of the linear fit for UNIGO sports culture students score is 

approximately +44 for predicting the rank difference. 
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Figure 48: Bivariate fit of Rank difference by Acceptance rate (USNews) 

 From the above graph, we can interpret that Fall 2011 acceptance rate directly 

correlates with the rank difference (i.e.) data points with positive rank differences (high 

marketing) have higher Fall 2011 acceptance rate and data points with negative rank 

differences (low marketing) have lower Fall 2011 acceptance rate. This suggests that 

universities that are more popular in social networks have lesser selectivity criteria compared 

to those that are not so popular. The coefficient of the linear fit for Fall 2011 acceptance rate 

is approximately +5 for predicting the rank difference. 
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Figure 49: Bivariate fit of Rank difference by Retention rank (USNews) 

 From the above graph, we can interpret that graduation and retention rank directly 

correlates with the rank difference (i.e.) data points with positive rank differences (high 

marketing) have higher graduation and retention rank (ranked lower) and data points with 

negative rank differences (low marketing) have lower graduation and retention rate (ranked 

higher). The coefficient of the linear fit for graduation and retention rate is approximately +3 

for predicting the rank difference. 
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Figure 50: Linear Regression Model for Rank difference (USNews) 

 The above equation is the multi-variable regression equation for the rank difference 

predictor variable. Just as a reminder, positive rank difference means it is ranked lower in 

USNews and ranked higher in social networks and negative rank difference means it is 

ranked higher in USNews and ranked lower in social networks. Therefore, according to the 

regression equation a negative rank difference is influenced by higher average freshman 

retention rate, 6 year graduation rate, etc. And positive rank difference is influenced by 

higher score in UNIGO sports and arts culture, College town or rural university setting, etc. 

These are some interesting observations we can make from linear regression model results. 

7.7.5 Decision Tree Rules 

 Decision tree is a non-parametric supervised learning method used for classification 

and regression. The goal is to create a model that predicts the value of a target variable by 

learning simple decision rules inferred from the data features. In this chapter we have used 

http://scikit-learn.org/stable/modules/tree.html#tree-classification
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decision tree model to create rules to predict 2 classifications. One is to create rules to predict 

correlate and inverse correlate classes and the other one is to create rules to predict high and 

low marketing classes.  

 The algorithm finds the most significant split in each recursive step and it is 

determined by the largest likelihood-ratio Chi-square statistic [41]. The split is chosen to 

maximize the difference in the responses between the two branches of the split (maximum 

information gain)  

7.7.5.1 Decision Tree for Classifying Positive and Negative Correlation 

 After filtering the selected features out of the dataset we apply decision tree 

modeling. In this chapter, we are going to be classifying correlate and inverse correlate class 

using the selected features. Below are the rules and other results obtained by the J48 decision 

tree algorithm using 10-fold cross-validation [40] 
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Figure 51: Decision Tree to Classify Correlate and Inverse Correlate (USNews) 
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Figure 52: Decision Tree Leaf Report to Classify Correlate and Inverse Correlate (USNews) 

 The inverse correlate class’s first decision tree rule is defined by less than 63% of 

freshman in top 25% of high school class. And for ones that are higher they have a suburban 

setting and are public universities. 

 The correlate class fall under the rule greater than 63% of freshman in top 25% of 

high school class. And their setting is college town. If the university is set in urban, it is a 

private university and have greater than 78% 6-year graduation rate. 

 The above rules can be generalized that universities that have correlation between 

their social network ranking and academic ranking have better students (top 25% in high 

school) and better 6 year graduation rate and are mostly set in college towns and are private 

universities. Universities that have inverse correlation between their social network ranking 

and academic ranking have lesser students in top 25% of high school, lesser than 78% 6 year 

graduation rate and are set in urban/suburban and are public universities. 
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Figure 53: ROC curve and Confusion Matrix for Correlate and Inverse Correlate classifier 

(USNews) 

The ROC curve of the decision tree says that it is a good model and the confusion matrix 

gives the true positive/negative and false positive/negative number of prediction from 10 fold 

cross-validation.  

7.7.5.2 Decision Tree for Classifying High and Low Marketing 

 After filtering the selected features out of the dataset we apply decision tree 

modeling. In this chapter, we are going to be classifying high and low marketing class using 

the selected features. Below are the rules and other results obtained by the J48 decision tree 

algorithm. 
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Figure 54: Decision Tree to Classify Low & High marketing (USNews) 

 

Figure 55: Decision Tree Leaf Report to Classify Low & High marketing (USNews) 
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With 0.96 probability the classification is Low marketing when predicted graduation is 

greater than or equal to 76%, (i.e.) when the university’s predicted graduation rate is better 

than average the university doesn’t exhibit social network marketing. And their selectivity 

criterion is most selective or more selective than the universities that have high social 

network marketing. 

 High marketing universities on the other hand have less than average predicted 

graduation rate and their selectivity criteria for applicants is less stringent than its 

counterpart. But their peer assessment score (varies from 2 to 5) is generally more than 

average (>3). 

 The above rules can be generalized that universities that are ranked higher in 

academia but lower in social networks have higher predicted graduation rate and are more 

selective in their application selection process than the universities that are ranked higher in 

social networks and lower in academia. But in general they have good peer assessment 

scores. 

 

Figure 56: ROC curve & Confusion Matrix for Low & High marketing classifier (USNews) 
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 We also did modelling using neural networks (single layer perceptron) which gives us 

weights for each attribute for the prediction. And after 25 recursions, with rank difference as 

the predictor variable the following are the weights given for each attribute.  

 

Table 20: Neural Networks output for High/Low marketing classification (USNews) 

Inputs Weights 

Threshold -0.33 

High school counselor score -0.055 

Average freshman retention rate -0.22 

6-year graduation rate -0.14 

Undergraduate academic reputation index -0.06 

Predicted graduation rate -0.19 

Percent of faculty who are full-time -0.14 

Freshman in top 25 percent of high school class -0.01 

Setting=Urban -0.02 

Setting=College Town 0.22 

Setting=Rural 0.41 

Undergraduates 0.24 

Selectivity=Selective -0.089 

Selectivity=Less Selective 0.18 

Tuition and fees -0.04 

Classes with 50 or more students 0.14 

Fall 2011 acceptance rate 0.04 

Financial resources rank -0.008 

Alumni giving rank -0.007 

 

 The results are similar to all the previous analyses that we have performed. Negative 

rank differences (low marketing) class is driven by better graduation, freshman retention rate, 

with urban setting and with more selective application process. Positive rank differences 

(high marketing) class is driven by more undergraduates, less selective application process, 

more acceptance rate and college town setting. 

7.8 Classification Based on Research Rank 
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 We have defined research rank as number of citations per publication for the 

university. We have total number of publications and total citation count for each university 

from Microsoft Academic Search and we have taken a ratio of citation count to total 

publications and ranked the attribute for the 150 universities to get Research rank for each 

university. In this chapter we are going to be studying the patterns of rank differences of 

universities between their social network phenomenon and research. We are going to be 

finding patterns in the data collected for classifying rank differences between social network 

and research.  

 We have selected 4 features to represent social network ranking. They are Twitter 

followers, Facebook page likes, Facebook post likes and YouTube video views. 

 To find rank difference, we subtract all the 4 social network feature ranks from 

research rank for each university. 

 We calculate standard deviation between all the 4 rank differences which tell us if a 

university is consistently different from Research rank or not. 

 We define rules for each class based on our goal defined below in each topic after 

carefully studying the dataset properties. 

Table 21: Rank difference calculation between Research and Social Networks 

UNIVERSITY Rank difference/Std DeviationDifference R-Followers R-Likes R-Postlikes R-Views

University of Vermont -33.14 -267 -56 -66 -75 -70

St. Louis University -22.99 -211 -63 -58 -45 -45

Wake Forest University -22.17 -301 -73 -68 -65 -95

Duquesne University -21.80 -132 -36 -37 -24 -35

South Carolina State University -17.32 -30 -8 -9 -5 -8

Brandeis University -17.07 -274 -46 -76 -83 -69

St. Johns Fisher College -17.06 -80 -25 -22 -14 -19

University of Cincinnati -16.84 -117 -29 -38 -29 -21

Washington University in St. Louis -14.88 -263 -70 -73 -80 -40

 

7.8.1 Positive and Negative Correlation Graphs 
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 In this section, we would like to find patterns in the dataset for classifying universities 

that correlate well in their social network presence and their Research ranking with the 

universities that have inverse correlate in their social network presence and Research ranking 

(we do not consider direction in this section). The rules for classification are defined below. 

Rules for correlate class: 

The ratio (Sum of rank differences/Standard deviation) must be between -4 to +4 

Rank difference must be between -30 and +30 

 

After filtering, we had a total of 18 universities that fell under the correlate class. 

Table 22: Universities that Correlate with Research rank 

UNIVERSITY 

Rank difference/Std 

Deviation 

Difference 

total 

University of Iowa -2.13 -23 

University of Southern California -2.54 -20 

University of San Francisco -1.17 -16 

Clarkson University -1.87 -11 

Binghamton University – SUNY 0 0 

University of St. Thomas 0 0 

Temple University 0.04 1 

Colorado School of Mines 1.35 4 

University of Colorado-Boulder 0.16 5 

University of the Pacific 0.71 7 

Fordham University 0.78 10 
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University of Virginia 1.44 14 

Stevens Institute of Technology 1.71 18 

Miami University – Oxford 0.93 23 

Washington State University, Pullman 1.17 23 

University of Minnesota – Twin Cities 1.85 25 

Missouri University of Science & 

Technology 3.16 26 

Cornell University 3.53 27 

 

Rules for inverse correlate class: 

 The ratio (Sum of rank differences/Standard deviation) must be less than -10 or 

greater than 10 

 Rank difference must be less than -200 or greater than +200 

After filtering, we had a total of 18 universities that fell in inverse correlate class. 

Table 23: Universities that Inverse Correlate with Research rank 

UNIVERSITY Rank difference/Std Deviation Difference total 

Yeshiva University -11.92 -367 

University of California-San Diego -12.82 -348 

Wake Forest University -22.17 -301 

Brandeis University -17.06 -274 

University of Vermont -33.13 -267 

Washington University in St. Louis -14.88 -263 

University of Pittsburgh -11.19 -224 
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St. Louis University -22.98 -211 

University of Illinois, Chicago -13.40 -211 

Purdue University – West Lafayette 32.34 202 

Clemson University 20.59 208 

Ohio University 10.90 216 

University of Kansas – Lawrence 22.72 228 

University of Notre Dame 23.22 260 

Oklahoma State University 15.15 264 

University of Illinois-Urbana Champaign 29.07 295 

University of North Carolina-Chapel Hill 23.19 331 

University of Tennessee 35.71 374 

 Using simple visualization techniques, the data was analyzed first and below are 

some interesting histograms that are worth explaining. 

 

Figure 57: Research Correlate & Inverse Correlate histogram 

Inverse correlate class is represented in blue color in the classification histogram above and 

correlate class is represented in red color. Both classes have equal number of data points (18) 

 

Figure 58: Retention rate distribution for Research Correlate & Inverse Correlate 
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Unlike USNews-Social network we did not see any striking difference between these two 

classes however we observed some slightly interesting patterns which are described here. 

Average freshman retention rate graph is shown above and we can note that inverse correlate 

class is slightly more prevalent on the upper end of the spectrum between around 90 to 98% 

and correlate class is slightly more pronounced on the middle scale of 80-100% limit. 

Universities that have research ranking and social network ranking correlate with each other 

have marginally lesser retention rate than the universities which do not have their rankings 

correlate. 

 

Figure 59: Full time faculty distribution for Research Correlate & Inverse Correlate 

From the percent of full-time faculty graph above, we can notice that universities that have 

inverse correlation have almost 90 to 100% of their faculty that are full-time whereas 

universities that correlate are widespread across the limit (70 to 100%). This suggests that 

universities that have their research and social network ranking correlate have marginally 

lesser FTE faculty than the universities that do not have their ranking correlate.  

 

Figure 60: Retention rank distribution for Research Correlate & Inverse Correlate 

Inverse correlate class has better graduation and retention rank than correlate class. This 

pattern is interesting because one would think that universities that are equally ranked in 



73 

 

research and social network field will have better graduation and retention rank. Universities 

that do not have their rankings correlate have better graduation and retention rank. 

 

Figure 61: SAT 25th percentile distribution for Research Correlate & Inverse Correlate 

Correlate universities have lower SAT 25th percentile than universities that are inversely 

correlated. All the histograms above suggest that universities that are inversely correlated 

have better academic standards than universities that correlate and this is an interesting 

pattern. 

7.8.2 Low Marketing and High Marketing Graphs 

 In this section, we would like to find patterns in the dataset for classifying universities 

that are ranked high in Research and low in social networks (Low marketing) and that are 

ranked high in social networks and low in Research (High marketing) assuming that the 

presence of social network activity means marketing. The rules for classification are defined 

below. 

 The ratio (Sum of rank differences/Standard deviation) must be less than -11 

 Rank difference must be less than -100 

After filtering, we had a total of 16 universities that fell under the low marketing class. 

Table 24: SAT 25th percentile distribution for Research Correlate & Inverse Correlate 

UNIVERSITY Rank difference/Std Deviation Difference total 

Yeshiva University -11.92 -367 

University of California-San Diego -12.82 -348 
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UNIVERSITY Rank difference/Std Deviation Difference total 

Wake Forest University -22.17 -301 

Brandeis University -17.06 -274 

University of Vermont -33.13 -267 

Washington University in St. Louis -14.88 -263 

University of Pittsburgh -11.19 -224 

St. Louis University -22.98 -211 

University of Illinois, Chicago -13.40 -211 

University of California – Santa Cruz -11.79 -149 

Stony Brook University – SUNY -10.05 -146 

Clark University -10.82 -139 

Duquesne University -21.79 -132 

Drexel university -10.05 -128 

University of Cincinnati -16.84 -117 

University of Massachusetts – Amherst -12.88 -114 

 

 Rules for high marketing class: 

The ratio (Sum of rank differences/Standard deviation) must be greater than or equal to 10. 

Rank difference must be greater than or equal to 100 

After filtering, we had a total of 15 universities that fell in high marketing class. 

Table 25: Universities in High Marketing w.r.t Research rank 

UNIVERSITY Rank difference/Std Deviation Difference total 

Michigan State University 13.04 147 
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UNIVERSITY Rank difference/Std Deviation Difference total 

Arizona State University 20.44 173 

College of William and Mary 18.33 183 

University of Dayton 13.60 185 

Kansas State University 12.86 186 

Virginia Tech 33.33 197 

Purdue University – West Lafayette 32.34 202 

Clemson University 20.59 208 

Ohio University 10.90 216 

University of Kansas – Lawrence 22.72 228 

University of Notre Dame 23.22 260 

Oklahoma State University 15.15 264 

University of Illinois-Urbana Champaign 29.07 295 

University of North Carolina-Chapel Hill 23.19 331 

University of Tennessee 35.71 374 

 

 Using simple visualization techniques, the data was analyzed first and below are some 

interesting histograms that are worth explaining. 

 

Figure 62: Low & High Marketing w.r.t Research histogram 
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The above histogram shows us the total class population, blue represents low marketing class 

with 16 data points and red represents high marketing class with 15 data points. 

 

Figure 63: Acceptance rate distribution for Low & High Marketing w.r.t Research 

The difference is not striking here but we can observe some pattern here. Acceptance rate in 

high marketing universities are marginally higher than low marketing class. Low marketing 

universities do not have any data point in the highest end of the acceptance rate category and 

are spread across the lower end. 

 

Figure 64: Under 20 classes distribution for Low & High Marketing w.r.t Research 

Percentage of classes with fewer than 20 students tells how many classes are there in the 

university that has fewer than 20 students and like we would expect low marketing class falls 

on the upper end of this spectrum and low marketing class on the lower and middle limits. 

Because the acceptance rate is lower we could guess that number of students could be lower 

for low marketing universities. 

 

Figure 65: Financial Resources rank distribution for Low & High Marketing w.r.t Research 
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Universities that fall in low marketing class have higher rank in financial resources mostly 

than the universities that fall in high marketing class. If we try to make sense of this 

observation, we could say that since the low marketing class universities have higher 

financial resources rank they do not have to invest in social network marketing as much as 

the high marketing class universities which do not have financial resources like the former 

class. 

 

Figure 66: Unigo student ratings distribution for Low & High Marketing w.r.t Research 

UNIGO student ratings also give us some interesting patterns in these histograms. Students 

have ranked sports and Greek life culture of universities on a scale of 1 to 10, 10 being most 

active. And high marketing universities seem to get a better score on both the ratings than 

low marketing ones. 

 

Figure 67: Setting and Private/Public histograms for Low & High Marketing w.r.t Research 

The number of low marketing universities that fall under private class is much higher than 

high marketing universities and the number of high marketing universities that fall under 

public class is much higher than low marketing universities. This suggests that private 

universities market lesser compared to public universities. And most college town and rural 

universities seem to be high marketing universities. 
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Figure 68: Student Faculty ratio distribution for Low & High Marketing w.r.t Research 

Student faculty ratio is the number of students per FTE faculty and low marketing 

universities have lower student faculty ratio than high marketing universities. This could be 

because of the population of undergraduate students, as they are higher in high marketing 

universities. 

 

Figure 69: Tuition distribution for Low & High Marketing w.r.t Research 

This is another interesting histogram. Low marketing class is equally spread across the 

spectrum of tuition and fees whereas high marketing universities fall mostly under the lower 

end of the spectrum which suggests that universities that are popular in social networks have 

comparatively lower tuition. 

7.8.3 Linear Regression 

 In this chapter we are going to perform regression analysis on our dataset to find 

interesting equations. Linear regression attempts to model the relationship between two 

variables by fitting a linear equation to observed data. On the feature selected dataset we 

perform linear regression with a statistical analysis tool called JMP and below are the results. 

The predictor variable in this case is the rank difference and the dependent variables are: 

 6 year graduation rate 
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 Student faculty ratio 

 Total undergraduates 

 UNIGO sports score 

 Financial resources rank 

 It is important we understand the meaning of the explanatory variable (rank 

difference here). Rank difference varies from -400 to +400. This is the sum of rank 

differences between Research rank and the four social network ranks. Therefore a negative 

rank difference means it is ranked higher in Research ranking and lower in social network 

and a positive rank difference means it is ranked lower in Research ranking and higher in 

social network. Therefore universities that end up in the lower end of the distribution in the 

limits (-400,+400) are those that have lower marketing and those universities that end up in 

the higher end of the distribution in the limits (-400,+400) are those that have higher 

marketing. Below are the graphs and linear regression equations for the above mentioned 

dependent variables. 
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Figure 70: Bivariate fit of Rank difference by 6-year graduation rate (Research) 

From the above graph, we can interpret that 6 year graduation rate inversely correlates with 

the rank difference (i.e.) data points with negative rank differences (low marketing) have 

higher 6 year graduation rate and data points with positive rank differences (high marketing) 

have lower 6 year graduation rate. The coefficient of the linear fit for 6 year graduation rate 

is approximately -3 for predicting the rank difference. 
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Figure 71: Bivariate fit of Rank difference by Student-faculty ratio (Research) 

From the above graph, we can interpret that student faculty ratio directly correlates with the 

rank difference (i.e.) data points with positive rank differences (high marketing) have higher 

student faculty ratio (more students per faculty) and data points with negative rank 

differences (low marketing) have lower student faculty ratio (less students per faculty). The 

coefficient of the linear fit for student faculty ratio is approximately +11 for predicting the 

rank difference. 
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Figure 72: Bivariate fit of Rank difference by Undergraduates (Research) 

From the above graph, we can interpret that total undergraduates directly correlate with the 

rank difference (i.e.) data points with positive rank differences (high marketing) have higher 

total undergraduates (more population) and data points with negative rank differences (low 

marketing) have lower total undergraduates (less population). This could mean both, low 

marketing universities are more selective in selecting their students and also that more 

number of students select schools with high marketing. The coefficient of the linear fit for 

total undergraduates is approximately +0.005 for predicting the rank difference. 
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Figure 73: Bivariate fit of Rank difference by Unigo sports score (Research) 

From the above graph, we can interpret that UNIGO sports culture students score directly 

correlates with the rank difference (i.e.) data points with positive rank differences (high 

marketing) have higher UNIGO sports culture students score and data points with negative 

rank differences (low marketing) have lower UNIGO sports culture students score. This 

suggests that universities that are active in sports tend to be more popular in social networks. 

The coefficient of the linear fit for UNIGO sports culture students score is approximately +34 

for predicting the rank difference. 
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Figure 74: Bivariate fit of Rank difference Financial Resources rank (Research) 

From the above graph, we can interpret that financial resources rank directly correlates with 

the rank difference (i.e.) data points with positive rank differences (high marketing) have 

higher financial resources rank and data points with negative rank differences (low 

marketing) have lower financial resources rank. This suggests that universities that are 

ranked higher in financial resources tend to have lower social network presence than those 

with lower financial resources rank. The coefficient of the linear fit for financial resources 

rank is approximately +1 for predicting the rank difference. 
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Figure 75: Linear Regression Model for Rank difference (Research) 

The above equation is the multi-variable regression equation for the rank difference predictor 

variable. Just as a reminder, positive rank difference means it is ranked lower in Research 

and ranked higher in social networks and negative rank difference means it is ranked higher 

in Research and ranked lower in social networks. Therefore, according to the regression 

equation a negative rank difference is influenced by higher average 6 year graduation rate, 

stringent selectivity, etc. And positive rank difference is influenced by higher score in 

UNIGO sports culture, college town university setting, easier selectivity, etc. These are some 

interesting observations we can make from linear regression model results. 

7.8.4 Decision Tree Rules 

 In this chapter we have used decision tree model to create rules to predict 2 

classifications. One is to create rules to predict correlate and inverse correlate classes and the 

other one is to create rules to predict high and low marketing classes. The algorithm finds the 

most significant split in each recursive step and it is determined by the largest likelihood-

ratio Chi-square statistic. The split is chosen to maximize the difference in the responses 

between the two branches of the split (maximum information gain) 
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7.8.4.1 Decision Tree for Positive and Negative Correlation classes 

 After filtering the selected features out of the dataset we apply decision tree 

modeling. In this chapter, we are going to be classifying correlate and inverse correlate class 

using the selected features. Below are the rules and other results obtained by the J48 decision 

tree algorithm. 

 

Figure 76: Decision Tree to Classify Correlate and Inverse Correlate (Research) 

This model is a good predictor for inverse correlate class as it has 100% accuracy after doing 

a 10 folds cross validation. Let us review the rules generated by the model. 
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Figure 77: Decision Tree Leaf Report to Classify Correlate and Inverse Correlate (Research) 

From the above decision trees we can interpret the following. Universities that have more 

than 88.4% (very high percentage) of their faculty as full-time and that have suburban or 

urban setting tend to have inverse correlation (ranked opposite in research and social 

networks). This is opposite to the finding in USNews as universities that have high FTE 

faculty had correlation between USNews and social network ranking. However when it 

comes to selectivity it is similar to USNews as universities that correlate have higher 

selectivity criteria than universities that have inverse correlation.  
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Figure 78: ROC curve and Confusion Matrix for Correlate and Inverse Correlate classifier 

(Research) 

We can see from the ROC curve that the model is a fairly acceptable model and the 

confusion matrix shows us that after 10 fold cross validation the inverse correlate class has 

100% accuracy. 

7.8.4.2 Decision Tree for Classifying High and Low Marketing 

 After filtering the selected features out of the dataset we apply decision tree 

modeling. In this chapter, we are going to be classifying high and low marketing classes 

using the selected features. Below are the rules and other results obtained by the J48 decision 

tree algorithm. 



89 

 

 

Figure 79: Decision Tree to Classify Low & High marketing (Research) 

 

Figure 80: Decision Tree Leaf Report to Classify Low & High marketing (Research) 

From the decision tree model above we have several interesting results. When the university 

has a college of rural setting it will mostly fall under high marketing category with 0.05 

probability and when it is has a suburban or rural setting depending on its class size it is 
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classified as high or low marketing university. When most of the classes have size under 20 

then it falls under low marketing category. Let us look at the distribution of the attribute 

classes with under 20 students to get a better picture here. 

 

Figure 81: Histogram for Classes with under 20 students 

Classes with under 20 students has mean 47 and the decision tree rule says if the university 

has urban setting and classes with under 20 students >= 40 (which is more than 50% of the 

distribution) it will fall under low marketing class. 

 

Figure 82: ROC curve & Confusion Matrix for Low & High marketing classifier (Research) 
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 From the ROC curve and confusion matrix we can say that the above decision tree 

model has good predictive capability and it has given some interesting rules that we have 

discussed. 

 We also did a decision tree modeling with gain ratio as the deciding factor to find the 

optimum split and we have discussed the results below. 

 

 

Figure 83: Decision tree for High/Low marketing with Gain ratio split 

As the model before, if setting is college town or rural it is predicted as a university that has 

high marketing. When the setting is urban, if tuition is higher it is predicted as low marketing 

class. It is interesting to find tuition in the rules here as it suggests that university that has 

higher tuition tends to market lesser compared to university that has lower tuition which is 

similar to the results we had discussed in classification based on USNews rank difference 

from social networks. 
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CHAPTER 8 

CONCLUSION AND FUTURE WORK 

8.1 Summary 

 In this thesis, we main addressed 2 questions. First one is, what are appropriate 

measures for ranking participants in social networks? We found that substantial research 

hasn’t been done in this area, and factors that users usually use to rank users in social 

networks and how they correlate with each other. We found that most factors correlate with 

each other consistently except for user’s participation which seems to contain different 

information. Second question is, does the ranking within networks mirror those based on 

traditional measures for ranking organizations? We selected universities’ data and compared 

different ranking methods and compared it to USNews rank and research rank. We found 

some inconsistencies and deviations but the most popular social network features seem to 

correlate well. We have studied common ranking methodologies and we have tried to find a 

fair and optimum way to rank popular social networks and in this process we have tried to 

understand social network ranking by comparing it with accepted methods of ranking. Then 

we have performed some analysis using data mining techniques and have discussed the 

results.  

 Some interesting results from data mining that need causal analysis are: universities 

that have high sports ranking by students, low tuition, higher acceptance rate, lower 

SAT/ACT score cut-off and have a college-town setting have high social network rank. 

Universities that have better financial resources, that are private, that have lower acceptance 

rate and that have more classes with under 20 students have low social network rank and 

higher USNews and Research ranks. 
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 All our results are based on statistical modeling of observational data and do not 

imply causality. We have assumed USNews college ranking as an accepted measure of 

ranking however there are some controversies in USNews ranking methodology which we 

have not considered.  

8.2 Future Work 

 The work that is done here is a beginning that could pave way for better 

understanding of ranking criteria in different social networks. As a future work the following 

could be done to get more insights and to validate the results that we have in this project. 

We could get temporal data by monitoring social networks over a period of time and get 

interesting insights of temporal data by comparing it with standard ranking methods and 

seeing how it changes over  

We could use LinkedIn (professional social network) to get data about where graduates of 

universities are working currently and perform more analysis based on that. 

Get dynamic data from social network and finding temporal opinion differences and to see 

how it is reflected in other standard ranking methods.  
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