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ABSTRACT 

 The increased use of computer technology in education has led to a corresponding 

increase in computerized testing in schools (Dooey, 2008). The COVID-19 pandemic has sped 

up the transition to online testing (Adedoyin & Soykan, 2020). As a result of the pandemic, 

students are displaying more signs of anxiety and depression, due in part to the lack of social 

interaction, a potentially strained home environment, feeling on their own to learn, and losing 

track of assignments (Cao, et al., 2020; Noble, Hurley, & Macklin, 2020). Teachers may not be 

able to see their students due to social distancing and students may be reluctant to reveal issues 

through a virtual format (Son et al., 2020). Identifying indicators of mental disorders can be 

difficult as indicators manifest in different ways (Muris et al., 2001). Identifying these signs 

early can have a significant impact on a child’s life (McLoone, Hudson & Rapee, 2006). A 

method for detecting potential indicators in students’ writing may help educators identify early 

signs of risky behavior. There has not yet been reported a method of computerized analysis for 

detecting indicators of risky behavior or negative sentiment through students’ writing.  



In this study, I investigate using topic modeling (Blei, 2012) as a method of detecting 

potential indictors of negative sentiments. The objective of this study is not to diagnose students 

of disorders through their essays. Rather, it is to explore the development of an internal tool that 

could be used to assist educators in flagging potentially at-risk students. Topic modeling was 

used to analyze students’ written responses to standardized test questions for detection of 

negative sentiment as potential indicators of future risky behavior. Results indicate topic models 

can identify negative sentiment and risky behavior. Additional validation measures such as 

sentiment analysis and human raters were used to confirm topic modeling results. 
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CHAPTER 1 

INTRODUCTION 

 The increased use of computer technology in education has led to a corresponding 

increase in the shift towards some form of online or computerized testing for high- and low-

stakes assessments in schools (Dooey, 2008). The COVID-19 pandemic has only sped up this 

transition to increasing use of online testing (Adedoyin & Soykan, 2020). The combination of the 

shift towards online education and assessment during a pandemic has led to a unique 

circumstance that was neither possible nor anticipated before. This circumstance is the 

unprecedented social isolation of students many of whom have been able to document their 

experience through technology (Ellis, Dumas & Forbes, 2020). 

There is a concurrent shift in use of educational technology towards the increased use of 

online scoring of students’ answers. This, in turn, has increasingly led to the use of computerized 

scoring of assessments (e.g., Shermis & Burstein, 2013).  This shift has resulted in both positive 

and negative outcomes. With respect to positive outcomes is the capability of easily grading and 

analyzing students’ essays in a way that wasn’t possible before assessments in machine readable 

form. However, this also resulted in the decreased likelihood of students’ answers being read by 

a human reader. A potentially problematic result of this lack of human grading is that possible 

indicators of negative sentiments may be less likely to be detected unless computerized means 

are developed to detect them (Hara & Kling, 2003). The nature of online learning, while useful 

for delivering instruction over distance to students, also creates another potential barrier to 

getting help for potentially at-risk students.  
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Research has suggested that, as a result of the pandemic, students are displaying more 

signs of anxiety and depression, due in part to the lack of social interaction, not being able to 

physically be in school, feeling on their own to learn, and losing track of assignments (Cao, et 

al., 2020). Another possible contributor to students’ anxiety and depression is a strained home 

environment as a result of one or both parents having to work from home or suffering some 

amount of financial stress (Noble, Hurley, & Macklin, 2020). The possible resulting negative 

sentiments and emotions due to the environment, such as anxiety or depression, can manifest 

themselves in different ways. Teachers may not be able to see their students due to social 

distancing and students may be reluctant to reveal issues to teacher through a virtual format 

where their parents or others may overhear (Son, Hegde, Smith, Wang, & Sasangohar, 2020).  

In this study, I investigate developing and testing of an alternative method of analysis, called 

topic modeling (Blei, 2012), in order to detect potential indictors of negative sentiments. One 

way of detecting these negative sentiments can be through the analysis of the words students use 

in their answers to online tests. Research has shown that sentiment analysis of these answers is 

possible through text analysis (Mouthami, Devi, & Bhaskaran, 2013). In this study, I use topic 

modeling to analyze the text of students’ written answers to online tests to detect possible 

indicators of negative sentiments. Specifically, students’ written answers to standardized 

formative assessments will be analyzed using topic models with an eye to detecting negative 

sentiments. The results of the study will help inform whether this kind of analysis can aid 

educators in identifying at-risk students early on and getting students the help that they need as 

soon as possible. 

The objective of this study is not to diagnose students of disorders through their essays. 

Rather, it is to explore the development of an internal tool, specifically, one that could be 
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deployed at the same time as automated scoring of examinations, that could be used to assist 

educators in flagging potentially at-risk students. This tool is designed to provide another 

safeguarding method to screen students for potentially at-risk behaviors.  

Statement of the Problem 

Identifying potential indicators of risky behavior or negative sentiment in children of all 

ages can be difficult as signs of abuse, anxiety, depression, etc., can manifest themselves in 

different ways or may even not be displayed outwardly at all (Muris, Meesters, van Melick, & 

Zwambag, 2001). Signs are often used to indicate symptoms, which a person can have even if 

not observable or conveyed to others (Nock, 2008). Identifying these signs early can have a 

significant impact on a child’s life. Studies have shown that the longer a child suffers from 

abuse, depression, etc., the harder it is to recover (Walker, Chang, Vera-Hernandez, & 

Grantham-McGregor, 2011).  For many such children, it is often difficult to articulate what they 

are feeling to their teachers and their peers. Detecting this behavior early on is important as risky 

behavior due to anxiety, depression, etc. can develop rapidly and can become harder to address if 

left untreated (McLoone, Hudson & Rapee, 2006). 

Research suggests students are able to and have expressed negative thoughts and 

sentiments of themselves and their surroundings in their course-related writing (Bonifacci, 

Candria, & Contento, 2008; Frayne & Wade, 2006). Thus, a method for detecting these potential 

indicators in students’ writing may help educators and parents identify early signs of possibly 

risky behavior. Studies have shown that text analysis can detect the emotions of the writer (Bae 

& Lee, 2012; Mohammed & Yang, 2013; Rude, Gortner & Pennebaker, 2010). However, there 

has not yet been reported a method of computerized analysis for detecting indicators of risky 

behavior or negative sentiment through students’ writing, even though writing is one of the most 
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common activities for students. The utility of topic modeling for this purpose is that it can be 

deployed simultaneously as a regular part of the test scoring process.  

Based on research described below, and on the need to address the problem, we use topic 

modeling to analyze students’ written responses to test questions for presence of detection of 

negative sentiment as potential indicators of future risky behavior. Heretofore, this kind of 

detection has been done as a result of hand scoring during the process of scoring of students’ 

answers to test questions. The conjecture in this study is that the methods proposed can 

implemented to provide for rapid detection of negative sentiments indicative of potentially risky 

behavior. Further, this approach can be used across a variety of different kinds of student writing.  

In this way, one of the results of this study will be the development and testing of a methodology 

that can be deployed to detect potentially at-risk students in order to get them help quickly. 
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CHAPTER 2 

LITERATURE REVIEW 

Transition to online learning and assessment 

The use of online learning is growing as technology continues to become more and more 

prominent in everyday life. Even when students are learning in person in school, online learning 

supplements are utilized (Drain, Grier, & Sun, 2012). Studies have shown, even when online 

learning is successful at improving students’ academic performance, students still desire the 

social aspect of in-person learning (Drain et al., 2012; Tucker, 2012). Facilitating socialization 

through online learning is difficult and teachers may not have the resources or ability to do so. 

When students feel that they are a part of a community, even when it is strictly online, they show 

improvements in their mental health (Tucker, 2012). Loades et al., (2021) has noted that the 

nature of the current environment, brought on by the COVID 19 pandemic and the continued 

shift towards more use of technology in education, has resulted in an increased sense of isolation 

for many students and increasing mental health problems. In this kind of context, there is a need 

to develop the resources for detecting symptoms of mental health problems as early as possible 

and using methods that can be deployed in an online environment.  

Text analysis and opportunities 

The digitization of essays brought on by online education and assessment has provided 

for opportunities for computerized analyses of student-created texts possible in an unprecedented 

way. Educators get rapid and direct access to what students have written without having to read 

through essays and transcribe them exactly as written. This is essentially an instant process with 
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relatively low possibilities of transcription errors. Online assessment, in particular, has made 

comprehensive text analysis of students’ writing possible. 

There are different methods of text analysis depending on the content area being studied 

and the purpose of the text analysis. One of the more popular methods for general analysis of text 

is natural language processing (NLP). A prominent use of NLP is looking for semantic meaning 

in a corpus of text (Dumais, 2004). This approach has been used in latent semantic analysis 

(LSA; Foltz, Kintsch, & Landauer, 1998; Landauer, Foltz, & Laham, 1998).  The method being 

proposed in this research uses latent Dirichlet allocation (LDA; Blei, Ng, & Jordan, 2003) which 

looks for latent themes in a corpus of text. If a student were to write something indicating risky 

behavior (e.g., “I want to kill something”), scoring using LSA might not trigger any sort of 

review as educators would just be presented the score on the student’s writing. This makes it 

harder to detect risky behavior through writing as the LSA algorithm is not likely to be used to 

detect underlying themes in the writing. Latent clusters including words such as “kill”, however, 

would be detectable in an LDA analysis.  I am proposing using a combination of sentiment 

analysis and topic modeling as the desired method of analysis because this type of topic 

modeling can be used to detect negative sentiment indicators. These are explained below. 

Sentiment analysis 

Sentiment analysis is more formally defined as “the process of computationally 

identifying and categorizing opinions expressed in a piece of text to determine the writer's 

attitude towards a topic” (Sentiment Analysis, n.d.). This method of analysis automatically 

defines the valence, emotions, and other affectual states from text (Mohammed, 2016). 

Sentiment analysis considers the three prominent dimensions of meaning, valence (good-bad), 

potency (strong-weak), and activity (active-passive) (Osgood, Suci, & Tannenbaum, 1957). 
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Valence, in the context of sentiment analysis, can be defined as the tone of the text on a spectrum 

of positive, negative, and neutral (Mohammed, 2016). Words such as anger or fear have a 

negative valence and words such as joy have a positive valence. In sentiment analysis, valence 

can also be described as the polarity, which denotes how positive or negative a word or statement 

may be. Potency defines the strength of the polarity which is how powerful or weak the 

statement may be. For example, something could bring a “little joy” which has weak potency or 

“much anger” which is strong potency. Lastly, there is activity which defines the action of the 

word. An example of an active word is “exciting” while a passive word is “calm” (Xiang et al., 

2020).  

The majority of sentiment analyses use statistical machine learning techniques 

(Mohammad, 2016). However, there are still a few approaches that utilize rule-based approaches 

(Neviarouskaya, Prendinger, & Ishizuka, 2009). Sentiment analyses that use statistical modeling 

software for automated detection commonly use supervised approaches (Mohammed, 2016). In 

supervised learning approaches, the algorithm first learns the model through a pre-designated set 

of correctly identified sentiment, which is a process called training. The algorithm is then able to 

predict sentiment based on what it has learned through the training process. 

A part of training the model is determining sentiment association with words. Some 

words are naturally associated with positive valence such as terrible or excellent. Words that are 

more neutral or can be seen as either positive or negative require more interrater agreement to 

assign a sentiment association. Sentiment association can also be done at the sentence level. 

These sentiment associations can be generated manually or automatically and added into a 

lexicon for the algorithm. Automated sentiment association lexicons also add weights or scores 

to each word that indicate the strength of association between the word and the affect category. 
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For example, the word, terrible, may be given a score of -1 while the word, terrific, may be given 

a score of +1. These scores can be combined to calculate sentiment. These predetermined scores 

represent a prior estimate in sentiment association. Priors are predetermined parameters for 

statistical machine learning analyses. There are several sentiment association lexicons available 

online that can be freely used (Mohammad & Turney, 2012; Warriner, Kuperman, & Brysbaert, 

2013) as manually assigning scores for each word and sentence can be extremely time 

consuming. 

Sentiment analysis is commonly used to detect opinions towards products or people 

(Mohammed, 2016) although it has been implemented in a variety of different contexts. The 

results from sentiment analyses are generally used to improve relations and processes and to 

predict future actions (Bougie, Pieters, & Zeelenberg, 2003). Some examples of detecting 

sentiment through text include predicting heart attack rates through sentiments in tweets 

(Eichstaedt, et al., 2015), confirming theories in literary analysis (Hassan, Abu-Jbara, & Radev, 

2012), detecting satisfaction through product reviews (O’Connor, et al., 2010) and automatically 

detecting cyber-bullying (Nahar, Unankard, Li, & Pang, 2012). Sentiment analysis, employing 

automatic methods, have also been able to detect depression in adults (Cherry, Mohammad, & 

De Bruijn, 2012; Pennebaker, Mehl, & Niederhoffer, 2003) and college students Rude, Gortner, 

& Pennebaker, 2004). In the field of education, sentiment analysis has been used to detect 

emotions in students’ evaluation responses towards classroom activities (Nunez, 2020). 

Research suggests that it is possible to detect emotions, feelings and attitudes through text using 

sentiment analysis. Research has shown certain mediums may be better more likely to elicit 

negative sentiment than others. Havigerova et al. (2019) found in their study that the most useful 

genre for detecting the signs of depression was informal text such as holiday letter 
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correspondence. Another common form of informal text that is analyzed for negative sentiment 

is workplace emails. Mohammed and Yang (2013) were able to track emotions and negative 

sentiment through workplace emails. Das, Kim & Kothari (2017) analyzed corporate email 

content to assess factors predicting escalating risk or the gradual shifting of other critical 

characteristics within the firm before they are eventually manifested in observable data such as 

financial outcomes. Das et al.’s (2017) results suggested that email content meaningfully 

predicted increased risk and potential malaise. Other structural characteristics, such as the 

average email length, were also found to be strong predictors of risk and subsequent 

performance. Das et al. (2017) presented three spatial analyses of internal corporate email 

communication, vocabulary trends, and topic analysis. Results indicated that sentiments 

extracted from emails accurately predicted increased risk and declining health to the company. 

These results demonstrate the potential of using sentiment analysis to predict and flag potentially 

problematic behavior. 

Another non-formal medium that has been popular for sentiment analysis is tweeting. 

Sentiment analysis has been used to determine people’s sensitivity and behavior, as well as the 

intensity (i.e., positive, negative, and neutral) of these sentiments and behavior (Kirelli & 

Arslankaya, 2020). Bae and Lee (2012) were able to distinguish between the positive and 

negative tweets based the interactions between followers and popular public figures. These 

results indicate the ability of sentiment analysis to detect positive and negative sentiment through 

short texts. 

There is also a difference in how negative sentiment may be expressed depending on the 

person. Havigerova, Haviger, Kucera, & Hoffmannova, (2019) found differences in writing 

between males and females in how they expressed negative sentiment, both in-person and 
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through text. In addition, Havigerova et al. (2019) also found men and women expressed signs of 

depression differently through text. Mohammed and Yang (2013) detected differences between 

genders in the use of emotion-laden words in work-place emails. Mohammed and Yang (2013) 

found that women tend to use more words from the joy to sadness lexicon while men were more 

likely to use words from the trust to fear lexicon.  

Using sentiment analysis of students’ writing can potentially provide educators with a 

similar type of early warning system to help teachers detect the potential signs of students’ 

negative sentiments before they are manifested in risky behavior or worsened mental health. As 

suggested earlier, this is especially important in light of the recent increase in online instruction 

and subsequent social isolation due to the pandemic. Students are online some or most of the 

time due the pandemic. Isolation and lack of social interaction with peers has been shown to 

have negative impacts on students’ mental health (Cao et al., 2020; Elmer, Mepham & Stadfeld, 

2020; Sit, Chung, Chow, & Wong, 2005).  

Utilizing topic modeling as a method of sentiment analysis would provide educators 

another tool for detecting the potential for risky behavior. 

Potential presentation of disorder indicators 

Externalizing disorders such as behavioral problems, are relatively easy for school 

personnel to identify in in-person settings in the school (Weist, Rubin, Moore, Adelsheim, & 

Wrobel, 2007). These disorders are often indicative of early or actual signs of mental health 

problems in students (DeSocio & Hootman, 2004). The internalizing problems, however, such as 

depression, anxiety, and suicidal ideation are more subtle and more difficult for school personnel 

to identify (DeSocio & Hootman, 2004; Weist et al., 2007; Allison, Nativio, & Mitchell, 2013). 

Ruchkin, Sukhodolsky, Vermeiren, Koposov, & Schwab-Stone (2006) found in a cross-cultural 
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study investigating depressive symptoms in students that depressive symptoms were associated 

with increasing levels of internalizing as well as externalizing. Depression can also be comorbid 

with other internalizing disorders (such as anxiety disorders) or can have an external presentation 

among children (Hendron & Kearney, 2016). Mental health problems can lead to a cycle of poor 

performance in school. For example, children who have mental health problems are more at risk 

of poor school performance and children who have difficulty with learning are more at risk of 

developing mental health problems (DeSocio & Hootman, 2004). So, it is important to detect the 

signs of mental health problems early. 

Rude, Gortner, & Pennebaker (2010) examined essays using sentiment analysis written 

by currently depressed, formerly depressed, and never depressed college students for differences 

in language that reflected the cognitive operations associated with depression and depression-

vulnerability. A text and sentiment analysis program called Linguistic Inquiry and Word Count 

(LIWC) computed the incidence of words in predesignated categories. Consistent with Beck's 

(1967) cognitive model and with Pyczsinski and Greenberg's self-focus model of depression 

(Greenberg & Watson, 2006), depressed participants used more negatively valanced words and 

used the word, "I", more than never-depressed participants. Formerly depressed (presumably 

depression-vulnerable) participants did not differ from never depressed participants on these 

indices of depressive processing. However, consistent with the models and prediction, formerly 

depressed participants' use of the word "I" increased across the essays and was significantly 

greater than use by never depressed writers. Pennebaker et al. (2003) found that pronoun usage 

provided insight into a person’s emotions as pronouns differentiate the markers of self and group 

identity. These results indicate the potential to detect indicators and presentations of negative 

sentiment or disorders, such as major depression, through text.  
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Allison, Nativio, & Mitchell, (2013) identified symptoms of depression and anxiety in 

students in the school setting for depression and anxiety. These symptoms include depressed 

mood, loss of interest or pleasure, loss of concentration, weight loss or gain, insomnia, 

hypersomnia, fatigue, decreased concentration, thoughts of death or suicide, restlessness, 

irritability, etc. Some of these symptoms such as loss of pleasure, thoughts of death or suicide 

can manifest themselves in text (Nobles, Glenn, Kowsari, Teachman, & Barnes, 2018; Ophir, 

Tikochinski, Asterhan, Sisso, & Reichart, 2020).  

Two tools can be used for identifying episodes of psychopathology: (1) DSM-5 and (2) 

Kiddie Schedule for Affective Disorders and Schizophrenia (KSADS). The Diagnostic and 

Statistical Manual of Mental Disorders (DSM) was developed by the American Psychiatric 

Association to create an American system to resemble the International Classification of 

Diseases series created by the World Health Organization (American Psychiatric Association, 

2013). Since its inception, the DSM has been updated five times and the most updated version is 

referred to as the DSM-5 (Widiger & Clark, 2000). The purpose of the DSM is to provide a 

scientifically based nomenclature for the classification of psychiatric. The K-SADS uses DSM-5 

criteria to diagnose episodes of psychopathology in children through semi-structured interviews 

(Kaufman, & Schweder, 2004).  

The DSM-5 and KSADS, two tools for identifying episodes of psychopathology, look for 

phrases such as “not interested, annoyed, hurting myself, don’t feel like eating, etc.,” as potential 

indicator flags for major depression. These same phrases or words can show up in students’ 

writing and could be flagged as indicators of potential depression or anxiety. 

 Disorders, such as generalized anxiety disorder, social anxiety disorder, disruptive mood 

dysregulation disorder (DMDD), major depression, panic disorder and PTSD, all present 
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differently at different ages and external/internal signs vary from person to person. In person, 

school personnel can sometimes catch these signs early as they can observe students in person 

and over time in their day-to-day activities. Even when schools are back to teaching full-time in 

person, having another method to detect for presentations of disorders and negative sentiments 

can be helpful to educators and students. 

Topic Modeling 

Topic models (Blei, 2012) provide a potentially useful method for detecting differences 

in the patterns of students’ use of latent themes in their constructed response (CR) answers. As 

suggested above, topic models are statistical algorithms for detecting the latent themes in a 

corpus of documents.  These have been applied to detect latent themes in large corpora of 

documents as well as patterns in genetic data, images and social networks (Blei, 2012).  Topic 

models have also been used for detecting latent patterns in use of topics in twitter messages (Paul 

& Dredze, 2011), in pre-service teachers’ reflective texts (Chen, Yu, Zhang & Yu, 2016; Gibson 

& Kitto, 2015), and in MOOC discussion forums (Ramesh et al., 2014; Reich et al., 2016). In the 

context of educational testing, they have also been used to detect students’ growth and change in 

use of academic vocabulary on middle grades tests of science inquiry knowledge (Kim et al., 

2017). 

LDA is one of the simplest topic modeling algorithms.  The purpose of LDA is to detect 

the latent thematic structures from a corpus of documents. LDA assumes that the documents are 

random mixtures of words over latent topics.  That is, each document can have a different 

probability of using each of the topics in the model.  Further, each topic is assumed to be 

composed of a random mixture of words.  This means that the words in the corpus appear in each 

topic with different probabilities. The latent topics are composed of clusters of words that co-
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occur in a collection of documents. The words all have different probabilities of co-occurring in 

each topic and the topics all have different probabilities of being used in each document. The 

words that co-occur with the greatest frequency have the highest probability for that topic and 

are typically used to help interpret the meaning of the topic. The assumptions and mechanisms of 

the LDA methodology will be further discussed in the methodology section. 

Topic modeling has been used as a tool for detecting aggressive sentiments in short texts, 

such as comments, reviews, tweets etc. Ventirozos, Varlamis, & Tsataronis (2017) presented an 

approach in which sentiment analysis was used at the message level to analyze sentiment while 

also taking into account the whole communication thread. In this context, Ventirozos et al. 

analyzed users’ discussions boards on the internet and were able to use topic modeling to 

identify aggressive behavior on certain boards. Results indicated it was possible to detect 

aggressive, inappropriate or antisocial behavior such as cyberbullying through the use of this 

type of text mining. In this dissertation, I propose to investigate the effectiveness of LDA for 

detection of negative sentiments and negative topics in answers to constructed response tests. 

 

 

 

 

 

 

 

 

 



15 

 

 

 

CHAPTER 3 

METHODOLOGY 

Pre-processing of data 

The first steps in the use of topic models is to pre-process the textual data to prepare it for 

analysis (Boyd-Grabber, Mimno & Newman, 2014). Pre-processing helps to ensure that the 

results are more usefully interpretable. First, punctuation is removed from the responses and all 

responses are converted to lower case (Wheeler et al., 2020). Stop words, which are high 

frequency words that don’t often carry important semantic information are removed. Examples 

of stop words are “the”, “what”, “is”, etc. Pre-processing the data eliminates such things as 

misspellings and typos, which could be detected as separate unique words. Words that are shorter 

than a minimum length may be removed as well. The pre-process procedures also include 

stemming the words. Stemming the vocabulary converts all different tenses and forms of a word 

to a base word so that the same base words of different words are not considered as separate 

unique words. For example, buy is the base word. Buying and buys would be converted to buy 

during preprocessing. Finally, blank responses are removed.  

Second, an expert with specializations in clinical psychology will be consulted to help 

understand and create criteria and methods for identifying potential indicators of these conditions 

in students’ writing. Based on the expert’s input, criteria will be constructed to assist in detecting 

the potential negative sentiment and risky behavior indicators in students’ written text. The next 

paragraphs will depict how the criteria for detecting risky behavior and negative sentiment was 

constructed using the DSM-5 and K-SADS tools. 
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DSM-5 indicators: criteria selection 

The DSM-5 manual will be used in conjunction with the semi-structured interviews 

provided in the Kiddie Schedule for Affective Disorders and Schizophrenia (K-SADS). The K-

SADS was used to create criteria for potential indicators of the following disorders that may 

present themselves in children’s and adolescents’ text: generalized anxiety disorder, social 

anxiety disorder, disruptive mood dysregulation disorder (DMDD), major depression, panic 

disorder and PTSD. The disorders listed above were selected after consulting with a clinical 

psychologist, who holds a PhD in Clinical Psychology, about which disorders might be most 

likely to present themselves through text and for the proposed study students’ age group. The 

clinical psychologist also advised on potential indicator criteria as well as the selection process.  

The K-SADS diagnostic tool contains add-ons such as written fact sheets in which 

children and adolescents can write down their feelings (e.g., about anxiety, depression, etc.) and 

can assist in providing structures to identify patterns in students’ writing. The K-SADS 

diagnostic tool provides words to look for in their semi-structured interview documents as well 

as in the written fact sheets, that can help clinicians in diagnosis (Abeles & Verduyn, 2009).  

The six disorders listed above are described in the DSM-5 and found in the corresponding 

K-SADS interview diagnosis tool. The K-SADs has structured, semi-structured and non-

structured interviews to diagnosis disorders from the DSM-5. The semi-structured interviews 

were used as a reference to identify potential indicators due to its format. That is, the format of 

the semi-structured interview proposes questions for patients and allows them to answer how 

they see fit. These questions do not seek a yes or no answer. The K-SADs then has suggested 

phrases that someone with a certain disorder might present with. For example, based on the K-

SADS and DSV-5 criteria, someone presenting with PTSD might say “I can’t trust anyone ever 
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again”. For this particular example, the phrase, “I can’t trust anyone ever again”, would be 

documented, added to an indicators database, and the individual words as well as the sentence as 

a whole, would be set as potential indicator flags in students’ essays. If the individual indicator 

words, such as “trust”, were to appear among the most used words in a topic structure, this could 

help characterize and interpret the topic. Topics that contain the most indicator words could 

potentially be identified as a flagging topic and essays with high probabilities of occurrence in 

this topic may be more likely to display the indicators that are being looked for.  

Phrases listed by the K-SADS and DSM-5 for each of the six specified disorders, 

generalized anxiety disorder, social anxiety disorder, disruptive mood dysregulation disorder 

(DMDD), major depression, panic disorder and PTSD, were identified and used as indicators for 

the topic modeling analysis. Key words that were designated by the KSADS and DSM-5 were 

also recorded and added to the potential indicator database of phrases and words. 

Creating the sentiment lexicon 

The sentiment lexicon is the set of terms that were used as indicators of negative 

sentiment. The lexicon was created for this study by looking at the semi-structured interviews 

from the K-SADS manual, for each of the individual disorders, and identifying key words from 

the structured interview that were related to each of the disorders. The words were then compiled 

into a list that formed the sentiment lexicon. The method for adding words to the sentiment 

lexicon follows the example earlier. If the K-SADS and DSM-5 manual identify the lack of trust 

as a potential indicator of anxiety and as something that a person with this disorder might say, 

the indicator word, “trust”, is added to the sentiment lexicon. Indicator words from the six 

disorders were all added to the sentiment lexicon (see Appendix D). 
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For purposes of this study, any words identified from the K-SADS and DSM-5 

comparison that were added to the lexicon, were labeled as negative sentiment. The presentation 

of any of the words in students’ writing indicated the potential for negative sentiment. In theory, 

the more words from the lexicon that appeared in students’ writing, the more negative sentiment 

the essay would display. Essays with large occurrences of the lexicon may be indicative of the 

potential signs of negative sentiment and/or disorders.  

Once the criteria were identified, exploratory LDA analysis was used on the CR answers 

from the English and Language Arts test for 9th grade students. The objectives of this analysis 

were to determine whether it was possible to identify signs of depression, anxiety and negative 

sentiments in students’ written essays using topic modeling and the created sentiment lexicon. 

LDA was then used to extract topics from the corpus. This was done through using a 

collapsed Gibbs sampling algorithm implemented in the R code package, topicmodels (Hornik & 

Grun, 2011). The package is used to estimate the parameters for the model through a Monte 

Carlo Markov chain (MCMC) algorithm (Chang, 2010; Chang, 2015; Heinrich, 2009). The 

MCMC algorithm has two phases, a burn-in phase to allow the MCMC chain to converge, and a 

post-burn-in phase to estimate the parameters of interest. Convergence will be determined 

through the use of the R package, topicmodels (Grun & Hornik, 2011). Through the topicmodels 

package, convergence was assessed by setting a maximum number of iterations and a tolerance 

for the relative change in the likelihood for both the variational inference and EM algorithm 

steps. Following convergence, the post-burn-in phase is used to obtain the posterior estimates of 

the parameters.  

LDA 
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LDA is an unsupervised, probabilistic model that can be used for analyzing the thematic 

structure of a corpus of textual documents (Jelodar et al., 2019). That is, it is a statistical model 

designed to detect the latent topics in a corpus of documents (Blei et al., 2003, 2013; Jelodar et 

al., 2019; Mardones-Segovia et al., 2021).  

LDA assumes that each document can be represented as a probabilistic distribution over 

latent topics. In the LDA model, the topic distributions in all documents in the corpus share a 

common Dirichlet prior (Jelodar et al., 2019). In LDA, a collection of D documents, is referred 

to as a corpus, and each corpus is a mixture over K topics. Each topic is a probability distribution 

over the vocabulary of V unique words (Blei et al., 2003).  

LDA estimates two component parameters: topics, which is a corpus-wide parameter, and 

topic proportions, which is a document-wide parameter. Topics, represented by their different 

probabilistic distributions are a set of probabilities over the vocabulary in the corpus and are 

denoted by 𝜙𝑘, where 𝑘 ∈ 1,2, … , 𝐾. Topic proportions, 𝜃𝑑 where 𝑑 = 1, … , 𝐷, also referred to 

as document-topic probabilities, are a mixture of proportions over the K topics for each 

document. Topic proportion, 𝜃𝑑, is a document-level variable that is sampled once per document. 

LDA also estimates the topic assignment parameter. The topic assignment parameter, 𝑧𝑑,𝑛 

estimates the topic membership for every word in each document and is denoted where 𝑑 =

1, … , 𝐷 and 𝑛 = 1, … , 𝑁(𝑑). 𝑧𝑑,𝑛 are word-level variables that are sampled once for each word in 

each document and 𝑁(𝑑) indicates the number of words in document d (Blei et al., 2003). 

LDA assumes the topics (𝜙𝑘) follow a Dirichlet distribution with a prior hyperparameter 

𝛽, topic proportions (𝜃𝑑) follow a Dirichlet distribution with a prior hyperparameter 𝛼, and topic 

assignments (𝑧𝑑,𝑛) follow a multinomial distribution with parameters 𝜃𝑑 and 𝑁(𝑑) (Blei et al., 

2003; Mardones-Segovia et al., 2021). LDA utilizes the topic assignment from each word to 
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estimate the topics and topic proportions by assuming the words for each document (𝑤𝑑,𝑛) follow 

a multinomial distribution with parameters 𝜙𝑘 and 𝑁(𝑑) (Ponweiser, 2012). The joint probability 

distribution of all latent and observed variables for LDA is expressed as 

𝑝(𝑤, 𝑧, θ, ϕ|α, β) = ∏ 𝑝(ϕ𝑘|β) ∏ 𝑝(θ𝑑|α) ∏ 𝑝(𝑧𝑑,𝑛|θ𝑑)𝑝(𝑤𝑑,𝑛|ϕ, 𝑧𝑑,𝑛)

𝑁(𝑑)

𝑛=1

𝐷

𝑑=1

𝐾

𝑘=1

, 

where 𝑝(𝜙, 𝛽) is the probability distribution of all topics over the vocabulary in the corpus, 

𝑝(𝜃|𝛼) is the probability distribution of the topic proportions of a document, 𝑝(𝑧𝑛|𝜃) is the 

probability distribution of the topic assignments of a document, and 𝑝(𝑤𝑛|ϕ, 𝑧𝑛) is the 

probability distribution of the observed words of a document (Mardones-Segovia et al., 2021; 

Ponweiser, 2012).  

Integrating over 𝜃 and ϕ, and summing over z, the marginal likelihood of a document is 

𝑝(𝑤|α, β) = ∫ ∫ 𝑝(θ|α)𝑝(ϕ|β) ∏ ∑ 𝑝(𝑧𝑛|θ)𝑝(𝑤𝑛|𝑧𝑛, ϕ)𝑑θ𝑑ϕ

𝑧𝑛

𝑁

𝑛=1θϕ

 

The marginal likelihood of each document is used to calculate the likelihood of a corpus 

by taking the product of each document’s marginal likelihood. It can be expressed as: 

𝑝(𝑊|α, β) = ∏ 𝑝(𝒘𝑑|α, β)

𝐷

𝑑=1

 

It is not possible to obtain exact estimates of the parameters (Blei et al., 2003) so different 

methods have been used to estimate parameters. Markov chain Monte Carlo estimation (Blei et 

al., 2003; Griffiths & Steyvers, 2004) and collapsed Gibbs sampling (Griffiths & Steyvers, 2004) 

are two of the methods that have been used to estimate LDA parameters (Mardones-Segovia et 

al., 2022.  
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Prior hyperparameters play an important role in the estimation of the LDA model and are 

specified before running LDA (Syed & Spruit, 2018). The Dirichlet distribution assumes the 

parameters are mutually independent and the proportions of documents and words within topics 

are independent (Geiger & Heckerman, 1997). α and β are the symmetrical Dirichlet 

hyperparameters whose values influence the document-topic and topic-term probabilities, 

respectively (Mardones-Segovia et al., 2021; Vayansky & Kumar, 2020). Symmetrical priors 

assume a priori that all topics have equal probability to be assigned to a document and all words 

have an equal chance to be assigned to a topic (Syed & Spruit, 2018). Symmetrical priors are 

often used when prior values are equal.  

α represents the prior count of the times an individual topic is observed in a document 

and is represented as 𝛼𝑖 > 0 for k-vectors of elements (Vayansky & Kumar, 2020). The α 

parameter influences the combination of topics with large α causing the distribution of topics to 

move from extremities, referred to as smoothing, and small α values spreading distributions 

(Laudauer, et al., 2013; Vayansky & Kumar, 2020). The β parameter is defined as the number of 

occurrences of words sampled from a topic prior to the observation of any word within the 

corpus (Laudauer, et al., 2013; Vayansky & Kumar, 2020). β determines the degree of smoothing 

of word distributions over all the topics. α and β values larger than one indicate documents and 

words are equally likely to belong to all topics while α and β values less than one indicate the 

distributions of documents and words are sparser. When α and β have low values, LDA yields 

document and topics that are mutually exclusive (Syed & Spruit, 2018). 

The LDA utilizes an algorithm that consist of two main components, the Markov chain 

Monte Carlo (MCMC) and Gibbs sampling (Porteous, Newman, Ihler, Asuncion, Smyth & 

Welling, 2008) to train and select models. 
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MCMC is an approximation and inference algorithm that uses Monte Carlo integration. 

Monte Carlo integration is used to form a Markov chain, which is a “string of arbitrary variables 

whose transition probabilities among distinct values in the state space are solely contingent on 

the existing state of the random variable” (Vayansky & Kumar, 2020, p. 11). The MCMC 

method uses the previous sample’s value to produce the value of the next sample at random. This 

method simulates directly drawing from a complicated probability distribution such as high-

dimensionality distribution and is done iteratively (Vayansky & Kumar, 2020; Walsh, 2004).  

Gibbs sampling. The purpose of Gibbs sampling is to approximate posterior inference. 

The Gibbs sampling method was derived from the MCMC algorithm and seeks to generate a 

Markov chain with the desired posterior distribution as its stationary distribution. Gibbs 

sampling draws from a conditional distribution of the posterior variable (Vayansky & Kumar, 

2020; Walsh, 2004). Gibbs sampling generates posterior samples by sweeping through each 

variable to sample from the variables’ conditional distribution while the remaining values are 

fixed to their current values (Lynch, 2007; Yildirim, 2012). This process continues until 

convergence is achieved. This means the stationary distribution should reflect the posterior 

distribution after sufficient post-burn-in iterations of drawing samples (Vayansky & Kumar, 

2020; Walsh, 2004). In LDA, Gibbs sampling takes into account two parts: (1) how much each 

topic is present in a document and (2) how much each topic is associated with a word. For each 

word, Gibbs sampling assigns a vector of probabilities that denotes how likely a word will be 

assigned to a certain topic. Gibbs sampling in the LDA model (Griffiths & Steyvers, 2004; Grun 

& Hornik, 2011) draws from the posterior distribution 𝑝(𝑧|𝑤) obtained by the sampling from 

𝑝(𝑧𝑖 = 𝐾)|𝑤, 𝑧−𝑖) ∝  
𝑛−𝑖,𝐾

(𝑗)
+  𝛿

𝑛−𝑖,𝐾
(.)

+  𝑉𝛿

𝑛−𝑖,𝐾
(𝑑𝑖)

+  𝛼

𝑛−𝑖,.
(𝑑𝑖)

+  𝑘𝛼
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 𝑧−𝑖 is the vector of current topic memberships of all words without the ith word 𝑤𝑖.  j 

indicates that 𝑤𝑖 is equal to the jth term in the vocabulary. 𝑛−𝑖,𝐾
(𝑗)

  gives how often the jth term of 

the vocabulary is currently assigned to topic K without the ith word. The dot . implies that 

summation over this index is performed. 𝑑𝑖 indicates the document in the corpus to which word 

𝑤𝑖 belongs. In the Bayesian model, β and α are the parameters of the prior distributions for the 

term distribution of the topics and the topic distribution of documents, respectively (Grun & 

Hornik, 2011).  

In theory, Gibbs sampling methods will eventually result in the convergence of the 

samples that reflect the true posterior distribution. However, convergence is not always 

guaranteed and may not be necessary. Once the model has converged, this indicates an 

equilibrium has been achieved; this is called stationarity (Vayansky & Kumar, 2020). Variation 

between the data points from the stationarity point onwards is defined as standard error (Walsh, 

2004; Vayansky & Kumar, 2020). There is also a method of addressing samples from the 

beginning that do not accurately reflect the desired distribution.  This is called the “burn-in” 

phase. The burn-in phase refers to the phase in which the algorithm has yet to converge such that 

the posterior does not represent the correct distribution. The iterations in this phase are discarded. 

This phase assists the algorithm in reaching convergence.  

A concern with the LDA algorithm and approximation method is the final results (the 

topics) for the same data can be different due to the settings of the initial conditions which results 

in difficulty with model replication and significant noise issue (Steyvers & Griffiths, 2011). The 

differences in topic structure from the algorithm could be due to “order effect”. The order effect 

causes the variations in topics produced. This is due to the different training data sets it utilizes 

and the order in which they are utilized by the algorithm (Agrawal, Fu & Menzies, 2018). Each 
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iteration the model creates could result in different topics due to the variation in training datasets. 

Due to the order effect, iterative testing of different k-values has been found to not be effective in 

optimizing the number of topics. In this context, k represents the dimension of the distribution, 

the dimension of the topic variable, z, and specifies the total number of topics for the model 

(Vayansky & Kumar, 2020).  

The exploratory use of LDA will then yield topic structures based on the different 

candidate models. The topic model analysis provides a probability of membership of each word 

on each topic.  The best fitting topic model will be analyzed for the 30 words with the highest 

probability for each topic. Analysis of these words provided some idea of what the interpretation 

was of each topic.  

The exploratory LDA analysis will use the R package of “topicmodels”.  The topicmodels 

package will be used to estimate the LDA model by applying a collapsed Gibbs sampling 

algorithm to the document-by-word matrix (Hornik & Grun, 2011).  

topicmodels R Package 

The R package, topicmodels, provides an interface for fitting an LDA model using the 

variational expectation maximization (VEM) algorithm and Gibbs sampling as implemented by 

Blei et al. (2003), (Grun & Hornik, 2011). The package requires the number of topics to be fixed 

a-priori. In topicmodels, the LDA model assumes the following generative process for a 

document 𝑤 = (𝑤1, . . . , 𝑤𝑛) of a corpus, D, containing N words from a vocabulary consisting of 

V different terms, 𝑤𝑖 ∈ {1, . . . , V} for all i = 1, . . . , N. For the LDA model, topicmodels 

implements the generative model by the following steps:  

(1) Determine the distribution of β by β ~ Dirichlet(δ) where β is the term distribution of 

topics and contains the probability of a word occurring in a given topic 
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(2) Determine the proportion θ of the topic distribution of the document by θ ~ 

Dirichlet(α) 

(3) Choose a topic, 𝑧𝑖 ~ multinomial (θ) for each of the N words 𝑤𝑖 

(4) Choose a word, 𝑤𝑖, from a multinomial probability distribution conditioned on the 

topic 𝑧𝑖 for each of the N words 𝑤𝑖 

For the maximum likelihood (ML) estimation of LDA, topicmodels maximizes the log-

likelihood of the data with respect to the model’s hyper parameters, α and β. The estimation of 

the log-likelihood for one document for LDA is denoted as: 

ℓ(𝛼, 𝛽) = log (𝑝(𝑤|𝛼, 𝛽)) 

Gibbs sampling estimation requires the values for the parameters of the prior 

distributions, α and β, to specified a-priori (Grun & Hornik, 2011). For Gibbs sampling, the log-

likelihood is given by: 

log(𝑝(𝑤|𝑧)) = 𝑘 log (
𝛤(𝑉𝛿)

𝛤(𝛿)𝑉
) +  ∑ {[∑ log (𝛤(𝑛𝐾

(𝑗)
+

𝑉

𝑗=1

𝛿))] − log (𝛤(𝑛𝐾
(.) + 𝑉𝛿}

𝑘

𝐾=1

 

topicmodels has the ability to construct a corpus, transform the corpus into a document-

term matrix and select the vocabulary from the matrix. The document-term matrix is the input 

data for topic models. The rows in the matrix correspond to the documents and the columns to 

the terms. The number of rows is equal to the size of the corpus and the number of columns to 

the size of the vocabulary. The data pre-processing step involves selecting a suitable vocabulary, 

which corresponds to the columns of the document-term matrix. Vocabulary can be selected 

from the matrix by different criteria such as only selecting terms that occur in a minimum 

number of documents (Griffiths & Steyvers, 2004) or the terms with the highest tf-idf scores 

(Blei & Lafferty, 2009). See Appendix F for the application of topicmodels in RStudio code. 
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Model Selection 

Exploratory analysis of the data will be conducted using LDA to determine the best 

fitting number of topics in the model. This means that candidate LDA models ranging from one 

to ten topics will be fit to the data.  Model fit indices will be used to select the LDA model with 

the number of topics that is the best fit from the set of candidate models.  

Model Fit. Model fit indices developed from the need to address model fit to the data. 

There needed to be an external method of identifying the optimal number of topics. The model 

fit indices assume identifying the best number of topics will lead to selecting the best fitting 

LDA model. There are two common indices for comparing model fit in LDA models: likelihood-

based statistics and information criterion (IC) and similarity measures (Mardones-Segovia et al., 

2021). IC indices have been used to analyze best topic structures in a variety of fields 

(Mardones-Segovia et al., 2021; Schroder et al., 2017; Wang et al., 2016) as well as likelihood-

base statistics and similarity measures (Anderson et al., 2020; Mardones-Segovia et al., 2021; 

Roque et al., 2019). Common fit indices used for LDA model selection are DIC, AIC, BIC, 

SABIC, average cosine similarity(𝐶𝑆), and the Jensen-Shannon divergence (JSD) (Mardones-

Segovia et al., 2021).  

There are popular IC indices for comparing model fit such as deviance information 

criterion (DIC), Akaike information criterion (AIC), sample-size adjusted BIC (SABIC) and 

Bayesian information criterion (BIC) values (Silva et al., 2017; Sclove, 1987; Spiegelhalter et al., 

2002). These indices also fall in the category of likelihood-based statistics. These IC are 

composed of two parts: a goodness-of-fit term and a penalty term to denote model complexity 

(Mardones-Segovia et al., 2021). For IC indices, the topic model with the lowest of IC values is 
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usually selected as the optimal model. However, the lowest DIC, AIC, SABIC, BIC values do 

not always guarantee that this is the number of topics that will be selected. 

The Deviance Information Criterion (DIC) estimates the maximum likelihood estimation 

for the deviance “using the average deviance of all parameter estimates” (Callaghan, 2012; 

Spiegelhalter et al., 2002). Deviance measures uncertainty from the fitted model and suggests the 

best model will have the lowest uncertainty and therefore, lowest DIC (Callaghan, 2012). DIC 

values are usually used to evaluate the models’ properties and to infer parameter estimates when 

using a Bayesian algorithm (Silva et al., 2017; Xiong, Choi, Kim, Kwak & Cohen, 2019). This 

makes DIC the most commonly used model fit index for LDA with smaller DIC values 

indicating the better fitting model (Xiong et al., 2019). A concern with DIC values is that DIC 

tends to overfit the data (Callaghan, 2012). Thus, in this study, we use additional fit indices along 

with the DIC. 

AIC estimates the information lost between the true model and candidate models (Clarke, 

2007). It is impossible to identify the true model in reality so AIC helps detect the model that has 

the smallest amount of information loss between the candidate(s) and true model (Vrieze, 2012). 

Burnham and Anderson (2002) define AIC as: 

𝐴𝐼𝐶 = 𝐷′ + 2𝑝 

where D’, the goodness-of-fit term is the posterior mean of deviance of the LDA model and 2p, 

the penalty term, denotes twice the number of parameters estimated in the model. A shortcoming 

of the AIC index is it does not take into account sample size and performs worse as sample size 

increases (Burnham & Anderson, 2002). 

BIC is an index that does that sample size into account and as a result, tends to perform 

better as the sample size increases (Cohen & Cho, 2017). BIC imposes a different and stronger 
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penalty than AIC for the number of parameters in an LDA model and penalizes for over-

parameterization. BIC does this by taking into account the natural log of the number of 

documents in the data multiplied by the number of parameters, p (Mardones-Segovia et al., 2021; 

Sen & Bradshaw, 2017; Vrieze, 2012). BIC (Cohen & Cho, 2017) is defined as: 

𝐵𝐼𝐶 = 𝐷′ + 𝑝(𝑙𝑜𝑔(𝐷)) 

SABIC (Sclove, 1987) was developed to account for the shortcomings of both AIC and 

BIC by reducing the penalty of sample size and adjusting for model complexity. Kim (2014) 

found that SABIC could be used for small sample sizes and Yang (2016) found that SABIC 

could be used for large numbers of parameters. SABIC (Sclove, 1987) defines SABIC as: 

𝑆𝐴𝐵𝐼𝐶 = 𝐷′ + 𝑝((𝐷 + 2)/24) 

DIC is a Bayesian IC index that has a penalty term, 𝑝𝐷, that penalizes for two terms: the 

true estimate and the estimated residual information. The true estimate is defined as the posterior 

mean of the corpus and the estimated residual is defined as the deviance of the posterior (Cohen 

& Cho, 2017; Mardones-Segovia et al., 2021; Spiegelhalter et al., 2002). Spiegelhalter et al., 

(2002) define DIC as: 

𝐷𝐼𝐶 = 𝐷′ + 𝑝𝐷 

There are also fit indices that are based on similarity measures which evaluate how 

similar the topics are to one another (Cao et al., 2009). These indices were developed from the 

need to identify the best topic models structures. The most ideal topic model structure has high 

within-topic similarity and low between-topics similarity (Cao et al., 2009, Mardones-Segovia et 

al., 2021). Cao et al., (2009) developed the cosine similarity (CS) measure to identify the 

distance between topics which is measured as average cosign distance between each pair of 

words in the candidate models. A CS value close to zero indicates the words between two topics 
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are not similar while a CS value close to one indicates the words between two topics are similar. 

Cao et al., (2009) defines CS in the equation below. The numerator denotes the dot product 

between the log of the word probability distribution for topic 𝜙𝑖and topic 𝜙𝑗, and the 

denominator denotes the dot product of the standard deviation of each topic (Cao et al., 2009, 

Mardones-Segovia et al., 2021). 

𝐶𝑆 =
∑ ∑ 𝐶𝑆(𝜙𝑖, 𝜙𝑗)𝐾

𝑗=𝑖+1
𝐾
𝑖=0

𝐾 × (𝐾 − 1)/2
 

Cao et al., (2009) found that averaging the CS of each candidate model can assess which 

model produces the most distinct topics. Large CS value, those closer to one, indicates there are 

similar words between topics while low CS values, those closer to zero, indicate there is not 

similarity between the words among topics. The lowest average CS value would indicate the best 

topic model to select in this circumstance. 

Deveaud et al. (2014) developed an index that identifies the best candidate model by 

analyzing the means of the probability of words in each topic. The metric proposed by Deveaud 

et al., (2014) uses Jensen-Shannon divergence (JSD) to estimate the optimal number of topics. 

Like the CS index, JSD looks for similarity between pairs of words within topics. JSD is 

represented in the equation below (Deveaud et al., 2014): 

𝐽𝑆𝐷 =
1

2
∑ 𝑝(ϕ𝑘,𝑣)

𝑣∈𝑉𝑘∩𝑉𝑘′

× log (
𝑝(ϕ𝑘,𝑣)

𝑝(ϕ𝑘′,𝑣)
) +

1

2
∑ 𝑝(ϕ𝑘′,𝑣)

𝑣∈𝑉𝑘∩𝑉𝑘′

× log (
𝑝(ϕ𝑘′,𝑣)

𝑝(ϕ𝑘,𝑣)
), 

where 𝑉𝑘 = argmax
v

[𝑛]𝜙𝑘,𝑣 is the top 𝑛 word probabilities for topic 𝜙𝑘. A low JSD value, values 

closer to zero, indicate similar words in a topic, while a high JSD value, indicates dissimilar 

words in a topic. Deveaud et al. (2014) expanded upon this metric to include the calculation of 

semantic similarity between the topics. He does this by summing the JSD between all possible 

pairs of topics and derives the best model by using the following equation:  



30 

 

𝐾̂ = argmax
𝐾

1

𝐾(𝐾 − 1)
∑ 𝐽𝑆𝐷

𝑇𝐾

 

where that 𝑇𝐾 is the set of candidate topic models. The topic model with the most distinguishable 

terms and coherent words within topics is the best candidate model. This model would still 

follow the index from the earlier model with a low JSD indicating similarity and a high JSD 

value indicating dissimilarity. The most optimal model would have a high JSD value. 

Fit indices can provide useful quantitative guidelines to select the best fitting model. 

However, the selection of the best fitting model should take into account model interpretability 

as well. Topic interpretability is a concern for model selection (Quinn et al., 2010). In other 

words, a model that may appear to be the best fit statistically but may not make sense upon 

interpretation is less likely to be helpful. An exploratory approach that takes into account model 

fit statistics and human interpretability can be used to determine the best fitting LDA model. The 

literature suggests using a combination of fit statistics and human judgment to determine the best 

fitting model (Grimmer & Stewart, 2013; Quinn et al., 2010). Grimmer and Stewart (2013) 

emphasize the importance of recognizing the results from automated algorithms will always be 

context specific and thus, will always require human validation of the measures produced by 

machine learning techniques and making sure the measures correspond with the concept claimed 

in unsupervised classification. A method of accomplishing validation could be demonstrating 

that the classification from machines replicates human hand coding (Grimmer and Stewart, 

2013). 

Akaike Information Criterion (AIC; Akaike, 1974) is another commonly used model fit 

index for topic model selection (Callaghan, 2012). AIC uses the “asymptotic result of the 

average log-likelihood” (Callaghan, 2012) to estimate the divergence of the model’s true 

distribution of data. The smaller the AIC value, the smaller the divergence distance estimated is. 
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A smaller AIC value is preferred in model selection. Bayesian Information Criterion (BIC; 

Schwartz, 1978) is also a popularly used model fit index. BIC estimates the approximation of the 

deviance between the fitted model and the null model (Callaghan, 2012; Raftery, 1995) with a 

smaller BIC value indicating a better fitting model. A concern with AIC and BIC fit indices is 

their inability to calculate values if the number of parameters exceeds the number of 

observations. This is a potential concern as LDA uses a hierarchical model that may result in 

more parameters than number of observations in a dataset (Callaghan, 2012). 

AIC and BIC fit indices appear to be better indicators for simpler models while the DIC 

fit index appears to be more useful for more complex models (Callaghan, 2012). This would 

indicate that larger datasets with more documents, longer texts, and more unique words would 

benefit from using DIC over AIC and BIC. AIC and BIC have been shown to overestimate the 

number of topics as the sample size increased (Yamanishi, Wu, Sugawara & Okada, 2019). 

Cosine similarity (CS) is another LDA model fit index, that examines the distance 

between topics (Cao et al., 2009). A CS value close to 0 indicates that words between two topics 

are dissimilar while a CS value closer to 1 indicates that the words between two topics are 

similar. Thus, a CS value closer to 0 would indicate the topics in the model are dissimilar. CS 

can then be used to compare candidate models and ideally be used to select the model with the 

closest value to 0. The sum of JSD is a model fit index that is similar to CS that evaluates the 

similarity of pairs of words within topics (Deveaud et al., 2014; Mardones-Segovia et al., 2021). 

Unlike the CS fit index, a value closer to 1 indicates dissimilar topics while a value closer to 0 

indicates similar topics. The JSD fit index can be used identify the model with the most 

distinguishable terms between topics and the most coherent words within topics (Mardones-

Segovia et al., 2021).  



32 

 

Mardones-Segovia et al. (2021) identified JSD and CS as the most accurate model fit 

indices in evaluating the optimal topic model. For the study, CS, JSD, semantic coherence, 

exclusivity, AIC, BIC, SABIC and DIC were used to evaluate the best topic model fit, with a 

focus on CS and JSD due to the literature. The other indices, semantic coherence, exclusivity, 

AIC, BIC, SABIC and DIC were used to provide some additional information and context.  The 

best fitting model would then be selected based on the indices.  

While index fit metrics are important in determining the best topic model fit, 

interpretability is also equally important. Interpretability can be assessed through reading essays 

that use the highest proportion of each topic. Reading the essays can help modelers classify 

topics and see which topic structures best classify the data. Due to the large sample size of 5,833 

and the literature (Mardones-Segovia et al., 2022), the alpha and beta values were set to 1. 

The next step following model selection would be topic structure evaluation. The 

algorithm was set to extract the 30 words with the highest probabilities for each topic. Once the 

topics were extracted and through that, the 30 highest probability words for that topic, the topics 

were examined for potential DSM-5 indicators of negative sentiment and/or risky behavior. The 

top 3-5 essays that used the highest proportion of each topic were analyzed to get a better sense 

of the sentiment and theme of each essay. The essays’ topic proportions were then used to 

classify and label the different topics for the dataset. 

Topic proportions usage was then used to analyze different responses to the same prompt. 

One essay will use a proportion of each topic and the total of the proportions will always equal 

100%. For example, if the topic structure for the study was determined to be a 4-topic model, a 

student could use 40% of topic A, 25% of topic B 15% of topic C and 20% of topic D. From this 

example, it can be seen that student A used the highest proportion of topic A. Topic proportion 
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usage can be aggregated across cohorts to draw conclusions about similarities and differences 

between the cohorts. Topics could then be classified, or label based on the top 30 words used and 

the sentiment of the essays that used the highest proportion of that topic. 

As described earlier in the literature review, the sentiment association lexicon was 

created by assigning scores or weights to words and sentences. For this study, this is the first 

type of sentiment analysis implemented. Weights were assigned to the predetermined phrases 

and words from the DSM-5 and KSADS. All the words from the sentiment lexicon that are used 

in each essay will be counted and totaled for each essay. If a student uses two words from the 

sentiment association lexicon, the score for that student’s essay would be two. If the student uses 

two words, twice each, their score would be four. The top 5 essays of each topic will be scored 

using this logic to get a better sense of the sentiment of the essay. The assumption behind this 

scoring is that essays that have a higher weight will display more potential indicators for 

negative sentiment, risky behavior or other negative psychological disorders. Essays with a 0 

score will have used no words that are taken as signs of potential negative sentiment indicators. 

Appendix D contains the table of words and phrases that were selected from the DSM-5 and 

KSADS as potential indicators. 

Previous research (noted above) has suggested that negative sentiment and indicators of 

risky behaviors were likely to be present in only a relatively small number of essays.  

Furthermore, this use of constructed response answers had not been studied for possible 

indicators of expressions of this kind of negative sentiment. Thus, it would be important to 

determine whether or not the LDA would be able to detect these negative kinds of sentiments in 

what was expected to be a small number of tests. 
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Next, sentiment analysis and two human raters were used as validation measures for the 

study.  

A second form of sentiment analysis was implemented to provide another lens of looking 

at the topic model structures. Sentiment analysis was conducted using the sentimentr package in 

RStudio. The sentimentr package is designed to quickly calculate text polarity sentiment in the 

English language at the sentence level and aggregated by entire essay responses for this study. 

This package utilizes an augmented dictionary lookup to identify a sentiment value from a 

sentiment dictionary. The sentiment dictionary is composed of four sentiment lexicons from 

Syuzhet, Bing, NRC and Afinn (Jockers, 2017). A score of -1 indicates negative sentiment and a 

score of 1 indicates a positive sentiment. The sentiment score can then be compared to the topic 

model proportion usage to get a better understanding of different sentiments in the essays. 

A Pearson correlation was then calculated to identify potential relationships between the 

topic proportion usage and the sentiment analysis score.  

Additionally, two trained essay scorers individually read through the top 10 essays as a 

validation measure. The essay scorers were both college graduates with bachelor’s degrees in 

social sciences. The training consisted of the following: the scorers were asked to read 10 essays 

total that already were scored as positive, negative, or mixed by the primary investigator and 

familiarize themselves with the expectations. They were both then asked to try scoring 5 essays 

on their own to ensure their scoring matched that of the primary investigator. Once both scorers 

were able to correctly score all the test essays, they were then asked to score the essays for the 

study. These trained essay readers were asked to score the essays as negative, mixed, or positive 

sentiment. 

Research question  
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The goals of this study were to develop and study the use of LDA for detecting the different 

latent thematic structures that occur in a corpus of answers to CR questions for the purpose of 

detecting at-risk students in the general student population. More specifically, in this study, topic 

modeling was used to answer the following research question: 

Can topic models detect risky behavior-related or disorder-related negative sentiment in 

students’ written answers to CR questions? 

The study will use latent Dirichlet allocation (LDA) topic modeling to analyze students’ 

essays for signs of internalizing disorders such as but not limited to depression, anxiety and 

negative sentiment.  

The corpus used for analysis was comprised of students’ answers to the constructed 

response (CR) items on an assessment of writing developed by the Georgia Center for 

Assessment, an independent research and development center housed within the University of 

Georgia.  The Center constructed formative assessments aligned with State standards in four 

subject areas (English language arts - ELA, mathematics, social studies, and science) as well as 

with the State’s end-of-grade standardized tests.   

For purposes of this study, ELA tests were analyzed. ELA prompts provide students the 

most flexibility in their responses. ELA rubrics do not have the same scoring structure as math, 

science and social studies. Some ELA items are scored dichotomously and others are scored 

polytomously.  Prompts in math and science require students to answer within the context to get 

points and are scored on a binary scale, right or wrong.  

There are three different types of ELA prompts: narrative, argumentative and 

informational (sometimes referred to as explanatory). The structure of tests depends on the grade 

levels. Generally, the assessments in this program are comprised of at least one reading passage, 
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at least 3 selected-response items and at least two CR items (a short-answer item and an 

extended-response item). The CR extended-response question will be analyzed for purposes of 

this study.  

Research has found that students as young as 9 and 10 can sufficiently express negative 

sentiment (Fivush et al., 2007; Polce-Lynch et al., 1998). However, students write more as they 

progress through school and topic modeling requires large amounts of text to produce the best 

models. As such, the 9th grade essays were selected for analysis. Students in these grades are able 

to sufficiently express negative sentiment and the prompts for these grades will produce more 

text than those of lower grades. 

Data 

The following data were used for this study:  

Students’ written answers to the CR questions on a standardized formative test in English 

and Language Arts (ELS) for the 9th grade argumentative prompt in the 2018-2019 school year. 

The dataset contained responses from 6,038 students. These students are from seventeen school 

districts and thirty-one schools across the state of Georgia. 

There are three types of essay prompts in the ELA tests; narrative, descriptive and 

argumentative.  The rationale for using the argumentative essays is due to the higher potential of 

negative emotion being elicited with this type of prompt.  Essay prompts that lean towards more 

emotional topics (e.g., identity theft, social media anxiety loss), for example, may prompt 

students to write more about their own feelings (Jeanne, Gross, Persons & Hahn, 1998) than 

happier prompts or historical prompts (e.g., the history of baseball or adopting a puppy). 

Students may also display signs of anxiety, depression and other negative sentiment differently 

to particular types of prompts depending on their age.  
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The prompt for the 9th grade argumentative essay was about the impact of social media 

on peoples’ lives. Social media is an important part of most, if not all, teenagers’ lives 

(PrakashYadav & Rai, 2017) which contributed to the suitability of this essay type and prompt 

for the study. Students are more likely to make write more about a topic, in terms of essay 

length, and include more personal information when the topic is something that relatable to them 

(Kennedy, 1994). Since social media has polarizing effects on children (PrakashYadav & Rai, 

2017), it could be possible for this topic prompt to elicit negative sentiment and indicators of 

risky behavior.  

The LDA algorithm was used to analyze each dataset. The best fitting topic structure was 

estimated for the dataset. The pre- and post-process statistics as well as fit statistics for the 

dataset are listed in Appendix A. The pre- and post-process statistics depict the number of total 

words, unique words, and the average response length of essays before and after data cleaning. 
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CHAPTER 4 

RESULTS 

 The fit indices indicated models with 2 or 3 topics would best fit the data. CS and 

JSD values of 3 and 2 were calculated, respectively. AIC, BIC, SABIC and semantic coherence 

also indicated that a 2-topic model structure would best fit the data. 

Two-topic and three-topic models were then compared for interpretability and how well 

the models classified the data. Results showed that the top 10 essays from each of the three 

topics in the 3-topic model displayed the similar sentiment. Topic 1 reflected mixed sentiment. 

Topic 2 reflected predominantly negative sentiment. Topic 3 reflected predominantly positive 

sentiment.  

In the 2-topic model, essays in both topics displayed mixed sentiment towards social 

media. There was not a clear classification of either topic. Based on the interpretability 

assessment, the 3-topic model was selected as the best fitting model. 

LDA was used to analyze the 2018-2019 9th grade English Language Arts (ELA) 

argumentative essay dataset. The prompt, shown in Appendix C, is about social networking 

through social media for teens. The prompt lists 18 statistics, both negative and positive, to 

provide some context for the students. The prompt includes an additional passage about how 

identity theft can occur through social media. Students were required to read the introductory 

text about what social media is and then asked to “write an argumentative essay stating whether 

or not online social networking has improved the lives of teenagers.”  

 The top 30 words for each of the 3-topic model that was the best fit to the data are listed 
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in the table below. The preprocessing statistics, model fit indices values and stop words are given 

in Appendix A. 

Table 1. 9th Grade Argumentative 3 Topic Model with Proportions 

9th Grade Argumentative 3 Topic Model (2018-2019) 

Topic 1 Topic 2 Topic 3 

you 0.070 teens 0.026 media 0.029 

they 0.041 network 0.025 identity 0.027 

people 0.023 media 0.023 information 0.026 

media 0.021 they 0.017 teens 0.023 

get 0.017 friend 0.016 their 0.020 

not 0.014 people 0.016 network 0.018 

thing 0.014 teenager 0.016 theft 0.017 

there 0.014 help 0.014 not 0.016 

because 0.012 more 0.013 teenager 0.016 

but 0.012 other 0.013 passage 0.014 

what 0.011 world 0.012 they 0.014 

all 0.010 use 0.012 this 0.013 

know 0.010 improve 0.011 use 0.011 

just 0.009 their 0.011 face 0.009 

like 0.009 passage 0.010 more 0.009 

their 0.009 new 0.010 online 0.009 

teenager 0.009 this 0.010 personal 0.008 

out 0.009 online 0.010 bully 0.008 

some 0.008 many 0.009 steal 0.008 

think 0.008 way 0.009 negative 0.008 

make 0.008 also 0.009 many 0.007 

use 0.008 site 0.009 state 0.007 

phone 0.008 information 0.008 about 0.007 

about 0.008 about 0.007 one 0.007 

don’t 0.007 student 0.007 people 0.007 

say 0.007 relationship 0.007 report 0.006 

friend 0.007 these 0.007 site 0.006 

when 0.007 state 0.007 time 0.006 

good 0.007 connect 0.007 victim 0.005 

improve 0.007 around 0.007 activity 0.005 

 

The words highlighted in yellow are the words that had been identified through the co-

occurrence of terms in the DSM-5 and KSADS as potential indicators of negative sentiment or 

risky behavior. From looking at only the words in the three topic structures, it appears that topic 
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3 seems to represent a more negative sentiment regarding social media. Topics 2 appears to 

represent a more positive sentiment towards social media, with words like “friend”, “help”, 

“connect” and “improve. Topic 1 also has several positive words like “friend”, “good” and 

“improve.” It is unclear how to classify the sentiment of Topic 1 by looking at only the 30 most 

used words. Topic 1 could represent a more mixed or neutral sentiment but more context is 

required to make topic classifications. To get a deeper understanding into the different topics, the 

3 essays that used the highest proportion of each topic were read. 

The 3 essays that used the highest proportion of each topic are given in the table in 

Appendix B. Looking at the essays that used the highest proportion of topic 3, they all appear to 

have the negative sentiment that social media has had a negative impact on teens. The three 

essays that used the highest proportion of topic 3 all stated that social media has been harmful for 

teens. The 25 essays that used the highest proportion of topic 3 all conveyed negative sentiment 

towards social media. The essays that used the highest proportion of Topic 2 appear to display 

more of a positive sentiment towards social media. The top 25 essays that used the highest 

proportion of topic 2 all convey a strong positive sentiment towards social media. The essays that 

used the highest proportion of topic 1 have mixed results. Of the top 25 essays that used the 

highest proportion of topic 1, 2 essays had mixed sentiment, 7 had positive sentiment and 16 had 

negative sentiment. 

Research Question: Can topic models detect risky behavior-related negative sentiment in 

students’ written answers to CR questions? 

Results suggest that topic modeling using LDA appears to be able to detect negative 

sentiment through students’ written answers to CR items. This is reflected in the capability of the 

topic structure to include key words that can help classify topics as reflecting negative or positive 
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sentiment. The additional reading of essays is required, however, to help more accurately classify 

topics, as the words reflected in the topic structure may not represent the entire sentiment. 

It is not clear, however, whether these are indicators of disorders. For example, the essay 

below uses the highest proportion of the top 30 words in topic 3 (classified as the negative 

sentiment topic), included the words “bullying”, “harm”, “neglect” and “theft”. These are words 

that could be flagged for potential indicators of social anxiety disorder or disruptive and impulse 

control disorder based on the DSM-5 and KSADS criteria. The essay this student wrote, which is 

displayed below, obviously expresses negative sentiment towards social media. The essay does 

not appear to indicate signs of disorders and is just addressing the prompt. The words that are 

highlighted in red below are words that exist in the sentiment association lexicon that was 

created for this pilot study (see Appendix D). These are words that are identified as potential 

indicators for risky behavior, negative sentiment or disorders. In the essay below, there are 13 

instances of these words or phrases occurring. So, this essay would be given a score of 13.  

While the student used words that occurred in sentiment lexicon and their essay displayed 

negative sentiment, it would not make sense to flag this student for negative sentiment indicative 

of risky behavior. This student was using appropriate language from the materials given to 

address the prompt and does not display any signs that would worry a human reader. 

Essay with the Highest Proportion of Topic 3 (Negative Usage) 

 Social media has massively impacted teenager's lives. Has this improved it, though? Social 

media has, in fact, not improved teen's lives, if anything, it has made them worse. From less 

face-to-face activity, cyber bullying, and even identity theft, social media has very much 

negatively effected teenager's lives. These are just a few of the surplus reasons why the media 

is not an improvement.  The first reason why social media is not an improvement for 

teenager's everyday live's is that they do not experience much social interaction. According to 

Passage A, \34% agree that less face-to-face interaction occurs...\".This shows that, with the 

increased use of social media, real interaction has massively declined. Because of this, many 

teens struggle with their communication skills. Social media has had a direct impact on face-

to-face activity within teens which is, indeed, a negative one.  The next reason is that many 

teens are bullied through a social media platform. It states in Passage A that, \"49% report 
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being a victim of cyber bullying\". This shows that almost half of social media users are 

bullied. Now, not only has social media impacted teenager's social health, but also effects the 

mental health of teenage users dealing with cyber bullying. All-in-all, social media has done 

more harm than good if such a high percentage struggle with being bullied.  The final reason 

to why social media has had a negative impact is that teen's are at a high risk of identity theft. 

According to Passage B, \"...children under the age of 18 were twice as often victims of 

identity theft as their parents. Teens are often less cautious about protecting their personal 

information. Teens often share personal information via sites such as Facebook, Twitter, and 

Instagram\". This shows that teenager's neglect keeping their information hidden from certain 

people, which can often lead to identity theft. Because of social media, they are at a much 

higher risk for this.  In conclusion, social media has not improved teenager's lives. It may 

allow connections and friendships to be made, along with a slight increase in academic 

performance, but compared to all the negative effects, it cannot be counted as an 

improvement. Social media has come with lessened social activity within teens, cyber bullying, 

and an increase in identity thefts. All these negative impacts seem to out weigh the few positive 

ones. Overall, social media has not improved teenager's lives." 

Figure 1. Essay with the Highest Proportion of Topic 3 (Negative Usage). The topic proportion 

of this essay was broken as 98% topic 3 (negative), 0.5% topic 2 (positive) and 1.5% topic 1 

(mixed). 

 Other essays were analyzed for the total number of times that they used words from the 

sentiment lexicon.  It was interesting to see that the essay below used the largest proportion of 

topic 1. This essay, however, uses stronger, more potent, negative language than the essay above, 

that uses the largest proportion of topic 3. (See Appendix E for a table comparing the different 

negative words used in the topic 1 essay versus the topic 3 essay). In terms of sentiment analysis 

score, this student used indicator words 28 times. This student used over twice as many indicator 

words than the student from the prior essay and more indicator words than the 5 essays that use 

the highest proportion of topic 3. Also, due to the nature of the strong potent negative language 

(highlighted in red below) and for using words such as “bullying”, “kill”, “stab”, and “hang”, 

words that occur in the DSM-5/KSADS criteria, this student’s essay was flagged for displaying 

negative sentiment that might be indicative of risky behavior.  

Essay with the Highest Proportion of Topic 1 (Mixed Usage) 

I say social media doesn't make anybodies life better cause if you look at it now you will see 

that people are saying bad things about each other in there inbox or on Facebook or posting 

bad videos of people on YouTube. there are even people leaving bad comments saying bad 

things about people. which really stirs up a lot of drama between people even best friends. 
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yeah a lot of people will say there making friends and yeah it can give you some valuable 

information but not everybody is telling the truth about social media. then there cyber bullying 

its mean and cruel to talk about somebody online i mean it wouldn't make it better if they said 

it to there face but at least you would have the guts to do it and not say it behind some code 

name on Facebook. If you could see somebodies inbox you would see some cruel and nasty 

things in there. they stir up a lot of drama and they start fight. they can even break up 

friendships. yeah it can sometimes help make friends but you need to watch out cause some 

people want get close to you just to try and ruin your life.also people like to post ugly pictures 

of other people or they like to comment on your picture saying you ugly. there is also people 

on Instagram just like the people on Facebook and they are either better or worse. YouTube 

there are a lot of haters or people that make bad videos about people. I mean pranks are funny 

but there are cruel to the person that is getting pranked it might be funny to the other person, 

but the person that got pranked could be hurt. some people write bad things about other 

peoples channel but you just got to ignore them people and not let them get in your head and 

keep making videos. and a lot of people will be your friends just to get some dirt on you or to 

stab you in the back. they might comment some bad things about you like you suck or delete 

your YouTube channel nobody watches you.All those things i said before lead up to this cyber 

bullying. It can get so bad that people kill themselves every year do to some kind of bullying. 

like it is out outrageous if somebody bullies you to the extent of you killing yourself. like you 

know its bad if they hang or stab maybe even shoot themselves. like i said in those other 

paragraphs they will treat you like dirt post mean pictures online about you post mean videos 

and if you let them do it you aren't standing up to yourself. and if you let them know they get 

to you then they wont stop and if they don't stop then delete your account. 

Figure 2. Essay with the Highest Proportion of Topic 1 (Mixed Usage). The topic proportion of 

this essay was broken as 99.4% topic 1 (mixed), 0.3% topic 2 (positive) and 0.3% topic 3 

(negative). 

 It is interesting that an essay conveying strong potent negative sentiment did not use the 

highest proportion of topic 3. A potential reason for that could be essays that take a negative 

stance that directly address the prompt might use the highest proportion of topic 3 while essays 

that contain general negative sentiment that might not as directly address the prompt may use a 

higher proportion of topic 1. The 30 most used words in topic 3 include words such as 

“network”, “identity”, and “information” address the prompt. The top 30 words for topic 1 

contain words that are neutral and do not directly address the prompt. There is also the potential 

influence of the potency of the words used in the essays. Using words such as “stab”, “hang” and 

“kill” have a higher potency meaning than the words, “negatively effected” , “victim” and 

“harm”.   
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Semantic analysis  

Additional sentiment analysis was then conducted using the sentimentr package. Results 

indicate there were non-zero correlations between two of the topics and the sentiment analysis 

score. The two topics that displayed a correlation with the sentiment score were the two topics 

that demonstrated a strong predominant sentiment. The 3 topics in the structure are classified as 

topic 1: mixed sentiment, topic 2: positive sentiment and topic 3: negative sentiment. The 

negative sentiment analysis scores are moderately correlated with the topic 3: negative sentiment 

proportions (-0.48, p<.05). The positive sentiment analysis scores are strongly correlated with the 

topic 2: positive sentiment proportions (0.64, p<.05). The mixed sentiment analysis scores were 

moderately correlated with the topic 1: mixed sentiment proportions (0.23, p<.05). 

In addition, the essays that had the strongest negative sentiment analysis scores were read 

and examined. Below are the essays with the strongest negative sentiment. The essays are shorter 

than the top 5 essays that use the highest proportions of topics 1, 2, or 3. It is interesting to note 

that these essays use more potent negative language than the essays that use the highest 

proportion of topic 3. For an example, it is useful to look at essay #2, below. The student is using 

strong, explicit, negative language and not addressing the prompt at all.  

Table 2. Essays with the Strongest Negative Sentiment Analysis Score 

 Essay Sentiment 

Score 

Topic 

1 

Usage 

Topic 

2 

Usage 

Topic 

3 

Usage 

Sentiment 

Lexicon 

Score 

1 social networking activities have not 

improved teens life because they are 

just sitting in their room or they have 

there face in there phone and they 

are just texting and they have no face 

to face convo so therefore they will 

most likely become antisocial 

because if it makes them mad and 

they don't do anything about it it all 

-0.7605 0.8553 0.1316 0.0132 10 
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bottles up and they for they will take 

it out on thire family or they will 

take it out on their friends and that 

would start a fight they could stat to 

pick on someone and really upset 

someone and cause them to harm or 

worst to them self and harassment 

they could bother someone all day or 

sexaully harass them. 

2 I'mjust so vary sick and tired of this 

school they all need to go and to get 

a life of they own bc all this is just 

bull shit this is my mother fucking 

argument with all this shit im 

soooooooooooooooooooooooooooo 

fucking done with all this bull shit 

here at villa rica high school                                                              

fuck this school        

-0.69933 0.6875 0.2500 0.0625 2 

3 the internet has its negative effects 

and it positive effects because the 

teenagers can look questions up on 

the internet for school and things like 

that will help them on school work 

and then again it has negative effects 

because when some bad students get 

on the internet bullying can happen 

or they can scam peoples bank 

accounts or even hack into other 

peoples profiles on any social media 

app and then some people make 

videos that gets them into alot of 

trouble by the police and even can go 

to jail for a long time and bullying 

that happens on the internet is called 

cyber bullying and sometimes people 

commit suicide because of other 

people bullying them 

-0.66919 0.6923 0.2821 0.0256 7 

4 i think that networking activities 

have inproved teenagers lives 

because most of the time they are 

inside with they're technology insted 

of being outside getting in trouble 

and getting accocieated with illegal 

stuff, but in the oher hand 

networking activities have ruined a 

-0.66863 0.6875 0.2500 0.0625 4 



46 

 

lot of lifes too by stealing they're 

identity. 

5 i think social network is not really 

safe for teenagers because most 

people get bully,get there identity 

steal alot of people has fake to be 

someone on social media ,alot of 

people get hurt. 

-0.63387 0.8148 0.0741 0.1111 4 

6 No because things that teenagers are 

doing are getting them kidnapped, 

abused and it causes suicide. 

-0.60634 0.6667 0.2500 0.0833 3 

 

The student who wrote essay 2 in the table above would not have triggered the flags from 

the sentiment lexicon score or from using the largest proportion of Topic 1 or Topic 3. However, 

when the sentiment score was added to the analysis, the essay was flagged due to having the 

second highest negative sentiment analysis score. 

It is interesting to note that essays that have the strongest negative sentiment scores also 

have the largest proportion of use of topic 1 and not topic 3. It appears that topic 3 may detect 

essays that contain negative sentiment towards the social media prompt while topic 1 may be 

able to detect essays that use strong potent negative sentiment or essays that do not address the 

social media prompt. The essays in Table 3 follow the pattern of using stronger language or use 

explicit language and ignore the prompt completely.  

The prompt requires students to take a stance on social media and it should be expected 

that some students will take a negative stance. However, there is a difference between writing 

“social media is bad because it has a negative impact on my social health” and “social media is 

bad because it makes people want to stab, shoot and kill themselves”. “Social media is bad 

because it has a negative impact on my social health” addresses the prompt while taking a 

negative stance. “Social media is bad because it makes people want to stab, shoot and kill 

themselves” still addresses the prompt but uses stronger negative language, like “stab”, “shoot” 
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or “kill”. The second statement uses words that depict sentiment of higher activity and potency 

than the first statement.  

Human raters  

The results from the individual raters matched the topic modeling and sentiment analysis 

scores 100% of the time for the 2 topics that could be clearly classified as positive and negative. 

There was a 60% match rate for rater one for the first topic of mixed sentiment and a 50% match 

for rater two. 

The major takeaways from the study results are: 

(1) LDA topic modeling does appear to be capable of detecting some negative sentiment 

in students’ responses to a constructed response item. There was a specific individual topic, topic 

3, that was predominantly associated with essays that strictly display negative sentiment towards 

the essay prompt. 

(2) In terms of identifying indicators of risky behavior or disorders, topic modeling was 

able to identify indicators of risky behavior or disorders as well as essays that should be flagged 

based on the indicators. In Figure 1, the student used words that could be flagged as potential 

indicators of major depression or DMDD (based on the DSM-5 and KSADS criteria). This 

student had a sentiment lexicon score of 13 which was higher than the scores of all the essays in 

Table 2. (It is important to note the length of the essay response played a factor in the sentiment 

lexicon score count for the response in Table 2 in this instance.) This student would not be 

flagged for risky behavior.  

(3) There are a couple of essays from the study that might be flagged for indicators of 

potential risky behavior. It is evident, however, that such essays occur with relatively low 

frequency. This result is consistent with findings from Ophir et al. (2020). A couple of essays 
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may not be extremely problematic on their own, especially given the context of the prompt, but 

flagging these essays for potential indicators of future risky behavior, disorder or negative 

sentiment can provide one more safeguard for students.  

(4) The results from the study indicate topic modeling has the potential and capability to 

differentiate between the type and potency of negative sentiment. Topic modeling appears to be 

able to detect essays that weak-potent negative sentiment directed towards social media and 

displays this in the form of Topic 3 in the model. Essays that displayed strong potent and active 

negative sentiment used the largest proportion of Topic 1. Essays that used the highest 

proportion of Topic 3 did not use the strong potent negative sentiment that is seen in Topic 1. 

(5) The study also highlights the importance of human raters in validating and reading 

essays. The topics appear to be able to differentiate between negative language specifically 

addressing the social media prompt and negative language that does not address the prompt or 

negative language that is more explicit. Human rater confirmation is needed to confirm which 

essays were appropriately flagged for concerning indicators and which essays simply address the 

prompt. 

(6) When used together, LDA and sentiment analysis can provide more information than 

when used as two separate analyses. If only the topic structures were looked at, it would be 

harder to classify the topics that show mixed sentiment. If only sentiment analysis was examined, 

the results may not be meaningful since polarity is heavily skewed if there is only one sentence 

or a few words. The two analyses together create an additional way to view the essays and 

identify which essays should be flagged. 
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CHAPTER 5 

DISCUSSION 

 Overall, these results indicate that a combination of topic modeling, sentiment analysis 

and individual rater score can identify positive and negative sentiment from individual essays. 

These results also show that the topic structure may be capable of differentiating between the 

subject of negative sentiment as well as negative sentiment potency. 

The results indicated that it is possible to detect negative sentiment using LDA. This can be seen 

in the essays that used the highest proportion of the topics that are classified as having a high 

preponderance of negative sentiment. Essays that displayed potential indicators of risky behavior 

or disorders did not occur with great frequency, but two instances were detected. These findings 

align with the literature (Ophir et al., 2020) and confirm that it is very uncommon but possible to 

detect these potential indicators. Detecting indicators of social disorders in is rare and there was 

not an expectation to identify many essays for risky behavior. The identification of two instances 

that required flagging are considered a success in this study as this is students that can be 

potentially helped. 

Topic 1, the “mixed” sentiment topic, poses interesting results. This topic had essays with 

mixed sentiment could arguably be said to have been correctly classified. There were essays that 

did not take a definitive stance on the social media argument and that reflected in how the 

sentiment analysis and the human raters scored the essay. The sentiments for some of the essays 

were mixed/neutral. It is interesting that essays that used the highest proportion of this topic 

contained both strongly negative sentiment and strongly positive sentiment. This is also the topic 
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that contained the most flagged essays that this study was hoping to identify. These results 

prompt questions about why the mixed topic, Topic 1, is able to pick up on the most essays that 

have indicators of social disorders, but Topic 3, the negative sentiment topic, is not able to do 

this?  

It could be argued that Topic 1 was detecting essays with strong potency and ignoring the 

polarity of the essays. The essays that used the highest proportion Topic 1 used words that took 

more active stances than essays that used words from the prompt material which were more 

passive. For example, the prompt located in Appendix C talks about the negative impact of social 

media using the phrases “victim of cyberbullying” or “negatively affect grades”. These are low 

potency and more passive words that show up in the most used words in Topic 3. These phrases 

also appear in essays that use the highest proportion of Topic 3. The literature has shown that 

students are taught to draw on prompt material to build their argument and topic models are able 

to detect when students use this kind of writing strategy (Duong et al., 2019). The prompt never 

uses strong, potent, and active words like “hang”, “kill”, or “stab”. The topic model could also be 

separating the negative sentiment by two layers: (1) potency and activity of negative language 

and (2) whether the negative sentiment in the essay draws upon the prompt material and 

addresses the prompt. 

Additionally, the results prompt questions about adding more flagging words to the 

sentiment lexicon. Adding curse words or explicit language might be helpful in picking up 

essays that depict indicators of social disorders. Curse words are not words that are commonly 

seen in essays and students using those words may be doing it for emphasis, jokingly or in a 

negative context.  
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When used together, topic modeling and sentiment analysis have the capability of casting 

a wider net to detect essays with social disorder indicators. Adding extra layers and flags to 

model to detect negative sentiment indicative risky behavior can provide more support to 

students. Topic modeling interpretation can also strongly benefit with the addition of a sentiment 

analysis score to increase interpretability and topic labeling. 

Sentiment analysis and human rater results further confirmed that LDA was able to 

successfully separate predominately negative and positive essays into different topics. The 

results support the literature in the requirement to have human raters as the last layer of 

validation. Grimmer and Stewart (2013) emphasize the importance of recognizing the results 

from automated algorithms will always be context specific and will always require human 

validation of the measures produced by machine learning techniques and making sure the 

measures correspond with the concept claimed in unsupervised classification.  

Grimmer and Stewart (2013) argue that successful validation of a model would be 

demonstrating that the classification from machines replicates human hand coding and that is 

what the human raters were able to do in the study for two out of the three topic models. For the 

Topic 1, where there was not a complete agreement, the sentiment of the essays could be 

classified as mixed which further supports the need for human raters. The essays that used the 

highest proportion of Topic 1, the mixed sentiment topic, had mixed sentiments. It makes sense 

that the human raters would not completely agree on the sentiment classification as the topic 

modeling algorithm could not either. Writing contains nuances and can be interpreted in different 

lights depending on the audience (Hunter & Docherty, 2009). 

Fortgang et al. (2021) found that feelings of social isolations can be predictive of suicidal 

thoughts and there has been an increase in feelings of social isolation since the onset of COVID-
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19. Research has shown there is a need for more outreach and treatment to address this (Fortgang 

et al., 2021). Using topic modeling as a potential screening tool can be a method of outreach in 

schools.  

While the results from the study did not identify any essays that specifically displayed 

signs of suicidal thinking, this was expected as texts that display this kind of thought are 

uncommon (Fortgang et al., 2021; Ophir et al., 2020). However, the results from the study show 

that it is possible able to identify and flag essays with strong negative sentiment using topic 

modeling and sentiment analysis.  

The results of the study show that topic modeling can detect different themes of negative 

sentiment in students’ writing and has the potential to be used as a screening tool with the right 

structures around it. In the context of this study, the structures that helped topic modeling 

provide better results were sentiment analysis and human raters. 

Future research. Future research on using topic modeling as a screening tool would need to focus 

on threshold recommendations for sentiment analysis and topic modeling proportion usage in 

students’ essays. Specifically, how much negative sentiment would trigger a flag that would 

require human raters to read the essay to confirm the topic modeling results?  

It might also be useful to focus future topic modeling research on essays that require 

students to take a stance on something that is significant to them. An example of an essay prompt 

could be the increasing “eco-anxiety” about climate change and its effect on mental health since 

that has been a growing concern with Gen Z (Reyes et al., 2021; Ross & Rouse, 2022). This 

could be the type of essay prompt that elicits strong negative or positive sentiment about their 

future and is something that could affect them directly. 
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Future Research 

Finally, future research on how indicators of specific mental illness and disorders display 

themselves in text could make topic model interpretation more meaningful and robust. There is 

currently not specific research on the presentation of mental disorders through text and prior 

research shows that different mental disorders present different indicators. The lack of research 

on this topic was the reason for the creation of the negative sentiment lexicon. Therefore, further 

work is needed to explore the best way to detect negative sentiment, risky behavior and mental 

illness and disorder indicators in text analysis. 
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APPENDIX 

APPENDIX A: TABLE OF 9TH GRADE ARGUMENTATIVE STATISTICS FOR 2018-2019 

SCHOOL YEAR 

9th Grade Argumentative Statistics (2018-2019) 

 # of Documents 

(D) 

# of terms in 

vocab (W) 

Total # of tokens 

in the data (N) 

N/D 

Pre-processing 6038 5487 1965852 325.58 

Post-processing 5832 4348 1195150 204.93 

Stopwords: "and"    "have"   "social"  "live"    

Priors: Iterations: 10,000 | burn-in: 5,000 | alpha: 1 | beta: 1 |  

Model Fit Statistics: CS: 3| JS: 2| Semantic Coherence: 2| Exclusivity: 5| AIC: 2| BIC: 2| 

AICC: 10| SABIC: 2| DIC: 10 
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APPENDIX 

APPENDIX B: EXAMPLE ESSAYS THAT USED THE HIGHEST PROPORTION OF EACH 

TOPIC 

Topic Essay 

Topic 1: 

Mixed 

I say social media doesn't make anybodies life better cause if you look at it now 

you will see that people are saying bad things about each other in there inbox or on 

Facebook or posting bad videos of people on YouTube. there are even people 

leaving bad comments saying bad things about people. which really stirs up a lot of 

drama between people even best friends. yeah a lot of people will say there making 

friends and yeah it can give you some valuable information but not everybody is 

telling the truth about social media. then there cyber bullying its mean and cruel to 

talk about somebody online i mean it wouldn't make it better if they said it to there 

face but at least you would have the guts to do it and not say it behind some code 

name on Facebook.  If you could see somebodies inbox you would see some cruel 

and nasty things in there. they stir up a lot of drama and they start fight. they can 

even break up friendships. yeah it can sometimes help make friends but you need to 

watch out cause some people want get close to you just to try and ruin your 

life.also people like to post ugly pictures of other people or they like to comment 

on your picture saying you ugly. there is also people on Instagramjust like the 

people on Facebookand they are either better or worse. YouTube there are a lot of 

haters orpeople that make bad videos about people. I mean pranks are funny but 

there are cruel to the person that is getting pranked it might be funny to the other 

person, but the person that got pranked could be hurt. some people write bad things 

about other peoples channel but you just got to ignore them people and not let them 

get in your head and keep making videos. and a lot of people will be your friends 

just to get some dirt on you or to stab you in the back. they might comment some 

bad things about you like you suck or delete your YouTubechannel nobody 

watches you.  All those things i said before lead up to this cyber bullying. It can get 

so bad that people kill themselves every year do to some kind of bullying. like it is 

out outrageous if somebody bullies you to the extent of you killing yourself. like 

you know its bad if they hang or stab maybe even shoot themselves. like i said in 

those other paragraphs they will treat you like dirt post mean pictures online about 

you post mean videos and if you let them do it you aren't standing up to yourself. 

and if you let them know they get to you then they wont stop and if they don't stop 

then delete your account. 

I think that a lot of kids have lost there lives on there social networks.But you 

should not have to put some much stuff in when you make your make or 

snapchator facebook.Becauseit makes you put in all of your life in when you make 

it why does it make you in some muck stuff.Like they make put in were live you 
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name how old are you should not have to do all of that to have facebook or snap 

chat. That is why a lot of kids today die because you have to put to muck in. Yes, 

they need to make so changes to they were you do not have to put some muck of 

your life on the phone. I do not care what you say they now stuff on phone this day 

in time can hurt you and your family because there are some mean people in the 

world today that you can not trust.They will hurt you and your family because they 

do not care about you.They do a lot of stuff to get want they want from you and it 

is really sad.That people will do the stuff that they do to get what they want from of 

your family.They will kill you for this stuff that they can go to the store and get 

they are that low and cold.So when you do make your facebook be safe with it do 

not let your whole life get off. And do not put were your life on your facebook. 

Were all the people on there can see were your life.Causes those people kill you of 

hurt so do not do that.This what I think about your Facebook and the other stuff. So 

so do not put your whole life on the facebook and stuff if you want your family and 

friends to see it you go to there house and saw them.Because it is a lot safer doing 

that were thosebad people cannot see were life ok so be safe with your life do not 

do stupid stuff with that phone that you keep in your hand all the time. 

Yes they have they have made our lives a lot better because we have something to 

do when we are bored and don't have anything else to do.It is good when you need 

to contact people when you need something or when you need help because you in 

danger.  Sometimes social media can get you in bad trouble if you aren't doing the 

right thing on the app.You can go to jail for somethings you do on the apps.Need to 

just watch what you do because they can see everything that you do on your phone.  

When you get bored you can get on the apps and play video games when you have 

nothing else to do. Most on the games on the phone are okay but some are bad and 

some show stuff that is nasty.  I wouldn't let one of your friends get on your phone 

on less you are watching them way they are on it.Because if they get on something 

bad you could get in big trouble or looked up something on your phone that they 

shouldn't look at.  When you are on your phone make sure that you are talking nice 

to people or you could get in trouble or they could end up hurting there self and 

then you would feel bad or you could get in trouble.It is just always good to be nice 

to people and watch what you are doing on your phone. 

Topic 2: 

Positive 

I believe that online social networking activities have improved teenagers' lives. In 

paragraph two of Passage A, the writer claims, \The Internet and online social 

networking sites offer teens opportunities to connects with others around the 

world.\" Social networking has provided ways for the younger generation to 

interact and participate in being aware about recent world events, such as politics. 

Also in paragraph two, the last line states, \"Because of their access to instant 

information via smartphones and computers, today's teens may appear more 

informed than previous generations.\" This connects with the idea that because of 

social network sites teens are more engaged in world events and such. Another 

reason would be that people have a chance to interact with a variety of people. 

People make new friends. In Passage A, again in paragraph two, it states, \"These 

\"plugged-in\" teenagers have specific expectations of online social networking 

sites and of the friends they meet on these sites.\" This supports the idea that teens 

are able to make new friends and have a diverse group of friends. But, however, 
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this could be dangerous and lead to identity theft. My final reason would be that the 

education system is now dependent on technology. In Passage A, paragraph two, it 

states, \"These sites are virtual spaces where teens meet, chat, perform research, 

enjoy music, view or post videos, share and comment on photos, exchange personal 

stories, and much more.\" Morley focused on the \"perform research\", essays, 

applications, and even assignments like the one I am currently taking, is done so on 

a computer or another technological device." 

Social networking activities are improving teenagers' lives. Social has benefits like 

instant communication, make friends all around the world, and to see the world in 

other peoples eyes. The passage says, \In fact, social media has become the most 

popular form of instant communication among teens with access to the Internet.\" 

(Passage A) Teens can instantly communicate with someone if they need help, or 

need to talk. In the passage it said, \"Teens around the world insist that these online 

communities promote interactions among family and friends, invite new 

friendships, build relationships with friends in other countries, and offer support to 

individuals.\" (Passage A) Social networking has helped teens make friends, talk to 

family members that are far away, and promote businesses. Passage A quotes, 

\"These sites arevirtualspaces where teens meet, chat, perform research, enjoy 

music, view or post videos, share and comment on photos, exchange personal 

stories, and much more.\" (Passage A) Social media can help teens see how other 

countries live, look like, and religions. Even though social networking is helpful in 

many ways people can get their identity taken by using social media." 

  Yes,I think that online social networking activities have improved teenagers' 

lives.In paragraph two sentence two it says that,\The Internet and online social 

networking sites offer teens opportunities to connect with others around the 

world.\"i belive it does,it also in paragraph two sentences four through seven does 

this ,\"has become the most popular form of instant communication among teens 

with access to the Internet. These sites arevirtualspaces where teens meet, chat, 

perform research, enjoy music, view or post videos, share and comment on photos, 

exchange personal stories, and much more. These â€œplugged-inâ€• teenagers 

have specific expectations of online social networking sites and of the friends they 

meet on these sites. Teens around the world insist that these online communities 

promote interactions among family and friends, invite new friendships, build 

relationships with friends in other countries, and offer support to individuals. 

Because of their access to instant information via smartphones and computers, 

todayâ€™s teens may appear more informed than previous generations." 

Topic 3: 

Negative 

A common question asked by many adults, \Has online social networking activities 

improved teenagers' lives?\". Socials networks have made life easier, but have 

made online services dangerous. With the rise of identity theft and hacking, virtual 

services have become a risk. Others may argue that social media has mostly 

supported the teenage lifestyle, but are ultimately wrong. The amount of risks 

outlaw the amount of benefits of social media.Certain young adults may find social 

media, YouTube, or other websites very addicting. An article called \"Information 

about Social Networking\" found that about \"20% report that social networking 

activities have negatively affected their grades\". This may be a small percentage, 

but if people count all the students in the world, this is a huge number of children. 
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Technology can often be a distraction for teenagers in their daily and social life. 

The same passage took a survey and it concluded that about \"34% agree that less 

face-to-face interaction occurs today\" and \"32% text or chat online during family 

meals.\" If this were continue into their adult life, it may be difficult for them to 

make friends and find good jobs. These facts can cause a huge toll on teenagers' 

adult life.Most teens use dangerous and shady websites unknowing of the 

dangerous trap they are stepping into. Many and most social media require personal 

information and \"teens often share personal information via sites such as 

Facebook, Twitter, and Instagram\" (Identity Theft and Social Media). These social 

networks often promise a strong security, but hackers often find ways to get 

through it. It would be much safer if people used fake information of social media. 

Due to young adults carelessness, about \"28% have had personal information 

unknowingly shared with companies\" (Information and Social Networking). This 

personal information can be retrieved by a random employee and used for 

malicious intent. With the dangers of hacking and id" 

  Social media has massively impacted teenager's lives. Has this improved it, 

though? Social media has, in fact, not improved teen's lives, if anything, it has 

made them worse. From less face-to-face activity, cyber bullying, and even identity 

theft, social media has very much negatively effected teenager's lives. These are 

just a few of the surplus reasons why the media is not an improvement.  The first 

reason why social media is not an improvement for teenager's everyday live's is 

that they do not experience much social interaction.According to Passage A, \34% 

agree that less face-to-face interaction occurs...\".This shows that, with the 

increased use of social media, real interaction has massively declined. Because of 

this, many teens struggle with their communication skills. Social media has had a 

direct impact on face-to-face activity within teens which is, indeed, a negative one.  

The next reason is that many teens are bullied through a social media platform. It 

states in Passage A that, \"49% report being a victim of cyber bullying\". This 

shows that almost half of social media users are bullied. Now, not only has social 

media impacted teenager's social health, but also effects the mental health of 

teenage users dealing with cyber bullying. All-in-all, social media has done more 

harm than good if such a high percentage struggle with being bullied.  The final 

reason to why social media has had a negative impact is that teen's are at a high risk 

of identity theft. According to Passage B, \"...children under the age of 18 were 

twice as often victims of identity theft as their parents. Teens are often less cautious 

about protecting their personal information. Teens often share personal information 

via sites such as Facebook, Twitter, and Instagram\". This shows that teenager's 

neglect keeping their information hidden from certain people, which can often lead 

to identity theft. Because of social media, they are at a much higher risk for this.  In 

conclusion, social media has not improved teenager's lives. It may allow 

connections and friendships to be made, along with a slight increase in academic 

performance, but compared to all the negative effects, it cannot be counted as an 

improvement. Social media has come with lessened social activity within teens, 

cyber bullying, and an increase in identity thefts. All these negative impacts seem 

to out weigh the few positive ones. Overall, social media has not improved 

teenager's lives." 
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Online social networking activities have not improved teenagers' lives. Online 

social networking influences many negative aspects on our lives. Online social 

networking activities can lead to identity theft, it affects academic performance, 

and it could lead to cyberbullying.  Teenagers are very vulnerable to identity theft. 

In Passage B the writer states, \One of the ways identity thieves gain information is 

via social media sites. With only limited information in the profile (name, place of 

birth, and year), a thief has ample information to steal a person's identity.\" In this 

way teens are easily targeted through social media. One of the statistics from 

Passage A says that, \" 68% remain vulnerable to hacking, viruses, and other 

malware.\" which shows us that there are still a large amount of teenagers that can 

become involved in identity theft.  Social media affects teenagers' academic 

performance as well. 20% of teenagers report that social networking activities have 

negatively affected their grades. Also while doing school work 35% admit to 

plagiarizing online sources. This could lead to academic dishonesty and could have 

you removed from an AP or Honors class." 
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APPENDIX 

APPENDIX C: 9TH GRADE ELA ARGUMENTATIVE PROMPT 

Passage A: Information about Social Networking 

Social networking refers to the use of a website to connect people with similar interests in 

an online group format. Social media is so popular that teens connect daily—or many times 

daily—using social networking sites like Facebook, Instagram, and Twitter. 

In recent years, social media has, by and large, replaced traditional communication tools such as 

home telephones, hand- written notes, and emails. The Internet and online social networking 

sites offer teens opportunities to connect with others around the world. In fact, social media has 

become the most popular form of instant communication among teens with access to the Internet. 

These sites are virtual spaces where teens meet, chat, perform research, enjoy music, view or 

post videos, share and comment on photos, exchange personal stories, and much more. These 

“plugged-in” teenagers have specific expectations of online social networking sites and of the 

friends they meet on these sites. Teens around the world insist that these online communities 

promote interactions among family and friends, invite new friendships, build relationships with 

friends in other countries, and offer support to individuals. Because of their access to instant 

information via smartphones and computers, today’s teens may appear more informed than 

previous generations. 

According to the 2014 Forrester’s North American Consumer Youth Survey, the 

following statistics indicate that teens (ages 12-17) spend at least some time each day using 

social media. Consider the following statistics: 
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• 40% spend an average of one hour per day on social media. 

• 67% regularly use Facebook. 

• 34% agree that less face-to-face interaction occurs today. 

• 98% have viewed or posted YouTube videos. 

• 52% use Instagram daily. 

• 46% agree sites encourage social awareness and community involvement. 

• 22% visit Twitter weekly. 

• 49% learn false information online. 

• 28% have had personal information unknowingly shared with companies. 

• 57% get to know fellow students at school better. 

• 52% state increases in friends/relationships. 

• 20% report that social networking activities have negatively affected their grades; 59% 

note an increase in academic performance. 

• 32% text or chat online during family meals. 

• 49% report being a victim of cyberbullying. 

• 64% listen to new music on YouTube exclusively. 

• 35% admit to plagiarizing online sources. 

• 85% post comments on others’ pictures/comments. 

• 68% remain vulnerable to hacking, viruses, and other malware. 

  

Page 2 of 5 Research indicates that social networking has had both positive and negative impacts 

on our lives. Using these resources responsibly needs to be a part of what we do every day. 

Source: Forrester’s North American Consumer Youth Survey 
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Use the following passage for question #1, #2, #3, #4, #5. 

Passage B: Identity Theft and Social Media 

Growing up, most of us were likely taught not to speak to strangers, not to give out our 

names and addresses to people we didn’t know, or in general, to keep personal information to 

ourselves. But today, people have profiles on social media sites, smart phones capture our daily 

movements using GPS signals, and information about almost anyone can be found by just 

Googling a name on the internet. Is it no wonder that identity theft has become a major concern 

of people all over the world today and a growing area of crime? 

In 2012, the Federal Trade Commission reported that more than 360,000 complaints of identity 

theft were registered. In 2014, Georgia ranked second per capita in reporting identity theft 

complaints. These complaints included everything from being asked to visit a scam website in an 

email to being the target of identity theft. Identity thieves are continuously finding new avenues 

to steal personal information. 

One of the ways identity thieves gain information is via social media sites. With only 

limited information in the profile (name, place of birth, and year), a thief has ample information 

to steal a person’s identity. Doing a status update, however innocent this may seem, can leave 

you open to a variety of crimes. Making the statement that you are going away for the week on 

vacation alerts a criminal that your home will be vacant. It can also make an identity thief aware 

that your bank account may be accessed from remote locations via your phone or a public 

computer. 

While people are becoming savvier about protecting themselves, many people are not 

aware that some sites ask for sensitive information that could be used in inappropriate ways to 

either steal your identity or to use your identity to commit crimes in malicious ways. The 
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following information is often included in your profile, or is disclosed in conversations on social 

media sites: 

• Your full name, including your middle name 

• Your date of birth, which is often required 

• Your home town 

• Your relationship status 

• The schools you attended and/or graduated from 

• Your pet’s name 

• Your religious affiliations, hobbies, clubs, etc. 

Who are those most susceptible to identity theft? Statistics from the Federal Trade 

Commission show that the group with the highest percentage of identity theft victims are aged 

20-29. Some of the reasons for this seem to be that this group of people is less likely to keep a 

regular check on their bank accounts and credit card activity. The records indicate that they are 

also less careful when sharing information on social media. 

In 2011, a Carnegie Mellon study of more than 40,000 children reported that children 

under the age of 18 were twice as often victims of identity theft as their parents. Teens are often 

less cautious about protecting their personal information. Teens often share personal information 

via sites such as Facebook, Twitter, and Instagram. The information shared often includes hints 

to things that a person might use to answer security questions for secure sites. Teens often have 

unused social security numbers. Thieves might sell the social security number to illegal 

immigrants so that they can obtain a fake ID for employment. Teens are also less cautious about 

sharing a credit card number with a friend to buy tickets for a concert or when they go out to eat. 

If the friend writes down the number and is not careful about destroying it, the number can be 
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compromised. When teens use Wi-Fi, it is easy for a thief to obtain personal information. Smart 

phones store and transmit personal data. If the phone is lost, the information can be retrieved and 

used for malicious purposes. Importantly, teens often don’t understand the ramifications of 

identity theft and often consider themselves ‘immune’ to being a target.  

The impact identity theft has on things like applying for college scholarships, buying 

your first car, getting your first job, or your first place to live could be an obstacle that could take 

years to overcome. An example of a teen who was caught up in identity theft turmoil. I found 

myself sitting in an attorney’s office with my parents, waiting to meet with someone who I 

hoped could help me. Someone has stolen my identity and I am trying to get into college. When 

my college loan application was rejected, I found out information that led me to the conclusion 

that someone was using my personal information.  I need help! 

Apparently, someone had stolen my social security number and has been using it for a 

while. I lost my wallet a couple years ago, but I never reported my social security card as stolen. 

I also filled out all the information in the Profile on Facebook and used my phone to make 

purchases all the time. I had no idea when or how the person had connected my information, but 

this unknown thief has created a lot of problems for me. Once I started investigating, with my 

parents help, we found that the person had applied for credit cards in my name, bought a car, and 

some furniture. I had contacted the credit card companies, but I have to go through some type of 

legal process to prove that I am really me and that I am not the one who ran up all those bills. 

Once we talked to the attorney, we realized that it was going to take some time and cost some 

money to try to clear my name and set things straight. He worked really hard to help me talk to 

the college loan offices so that I could apply for loans to go to school. It took an extra year 

before the matter had been resolved to the point that I could get the loan, and I was finally able to 
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start school. The attorney is still working to clear up the credit card debt. What a way to start my 

life after graduation! 

How do we prevent becoming victims of identity theft? Just a couple of easy steps can 

help when using social media sites. These will not protect against all identity theft, but will be a 

good place for everyone to start to be proactive and responsible. 

• Use different passwords for every site you use. 

• Don’t share passwords with anyone. 

• Use a password to access your phone. 

• Keep track of credit card and bank statements regularly. 

• Use credit protection services if you can to monitor your accounts. 

• Shred all mail that has any identifying information on it instead of discarding it in trash 

• Be responsible and protect your identity. There should be only one you! 

#5 Constructed Response 

Have online social networking activities improved teenagers’ lives? Write an 

argumentative essay stating whether or not online social networking has improved the lives of 

teenagers. Be sure to: 

• Introduce your claim 

• Acknowledge and counter alternate or opposing claims 

• Develop your claim and counterclaims fairly to point out the strengths and limitations of both 

using evidence from BOTH passages 

• Use words, phrases, and clauses to clarify relationships between claim and reasons, between 

reasons and evidence, and between claim and counterclaims 

• Provide a concluding statement or section that follows from and supports the argument 
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APPENDIX 

APPENDIX D: SENTIMENT LEXICON 

Table of Potential Indicator Words and Phrases for Risky Behavior, Negative Sentiment and 

Disorders from the DSM-5 and KSADS 

Disorder Characteristics of Disorder Key words/potential indicators  

Also known as Sentiment Lexicon 

Generalized 

Anxiety 

Disorder  

• Excessive anxiety and worry 

(apprehensive expectation), 

occurring more days than not for at 

least 6 months about a number of 

events or activities (such as work 

or school performance) 

• Individual finds it difficult to 

control the worry 

• The anxiety and worry are 

associated with three (or more) of 

the following 6 symptoms: 

Restlessness or feeling on edge, 

easily fatigued, difficulty 

concentrating or mind going blank, 

irritability, muscle tension, sleep 

disturbance 

• Anxiety, worry or physical 

symptoms cause significant 

distress or impairment in social, 

occupational or other important 

areas of functioning 

• 12-month prevalence of GAD 

among adolescents is 0.9% and 

2.9% for adults in the general US 

community 

• Lifetime morbid risk is 9% and 

females are twice as likely as 

males to experience GAD 

• In children and adolescents with 

GAD, anxieties and worries often 

concern quality of their 

performance or competence in 

• Worry, worried, sick, feel well, 

headaches, stomach aches, aches, 

school days, stupid, up-tight, tense, 

can’t relax, on edge, jumpy, 

anxious,  

• Can’t stop thinking about the past, 

need to be good at everything, hate 

school, anxiety about leaving home 
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school or sporting events, even 

when their performance is not 

being evaluated by others.  

• GAD may be over diagnosed in 

children 

Social Anxiety 

Disorder 
• Marked fear or anxiety 

about one or more social situations 

in which the individual is exposed 

to possible scrutiny by others 

• The individual fears that he 

or she will act in a way or show 

anxiety symptoms that will be 

negatively evaluated 

• The social situation almost 

always provokes fear or anxiety 

•  Social situations are 

avoided or endured with intense 

fear or anxiety 

• The fear or anxiety is out of 

proportion to the actual threat posed 

by the social situation and to the 

sociocultural context 

• The anxiety is persistent for 

6 months or more and causes 

clinically significant distress or 

impairment in social, occupational 

or other important areas of 

functioning 

• Social communication skills 

developed appropriately but are not 

utilized because of anxiety, fear or 

distress about social interactions 

•  Median onset of SAD is 13 

years old and 75% have had an age 

onset between 8 and 15 years old 

• Shy, can’t say anything, hard to 

talk, hard to talk in class, fear of 

talking, fear, embarrassed, don’t 

like being around people, nervous, 

self-conscious, uncomfortable, 

speaking in front of others, in front 

of others, performance situations, 

social events, can’t talk, hate 

school, pretend to be sick, sick, 

anxiety about leaving home, avoid 

people, avoid meeting people, hate 

speaking in public 

Panic Attack •  An abrupt surge of intense 

fear or intense discomfort that 

reaches a peak within minutes and 

during which time four or more of 

the following symptoms occur: 

palpitations (pounding heart or 

increase heart rates), sweating, 

trembling or shaking, sensations of 

shortness of breath or smothering, 

feelings of choking, chest pain or 

discomfort, nausea or abdominal 

• Same as panic disorder 
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distress, feeling dizzy, unsteady, or 

faint, chills or heat sensations, 

paresthesia (numbness or tingling 

sensations), derealization (feelings 

of unreality) or depersonalization, 

fear of losing control, fear of dying, 

• At least of the attacks has 

been followed by 1 month or more 

of one or both of the following: 

persistent concern or worry about 

additional panic attacks, a 

significant maladaptive chance in 

behavior related to the attacks 

• The disturbance is not due 

to drugs or other medical conditions 

and cannot be better explained by 

another mental disorder 

• Two types of panic attacks: 

expected and unexpected 

• Expected attacks have an 

obvious cue  

• More common in females 

than males but both present with 

the same symptoms 

• Panic attacks are 

uncommon, 

and unexpected panic attacks are 

rare, in preadolescent children. 

Adolescents might be less willing 

than adults to openly discuss panic 

attacks, even though they present 

with episodes of intense fear or 

discomfort. 

 

Panic Disorder • Recurrent unexpected panic 

attacks 

• Median age at onset for 

panic disorder in the US is 20-24 

years old 

• A small number begin in 

childhood 

• Panic disorder should not be 

diagnosed if full-symptom 

(unexpected) panic attacks have 

never been experienced. 

• Heart racing, out of the blue, 

randomly felt, anxious, nervous, 

frightened, chest pain, sweating, 

trembling, shaking, can’t breathe, 

dizziness, fear of dying, losing 

control, fear, numbing, throwing 

up, nausea, frozen, freeze, 

flashbacks 
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• Panic attacks that occur as a 

symptom of other anxiety disorders 

are expected. However, if the 

individual experiences unexpected 

panic attacks as well and shows 

persistent concern and worry or 

behavioral change because of the 

attacks, then an additional diagnosis 

of panic disorder should be 

considered 

 

Disruptive 

Mood 

Dysregulation 

Disorder 

• Severe recurrent temper outbursts 

manifested verbally that are 

grossly out of proportion in 

intensity or duration to the 

situation or provocation. 

• temper outbursts are inconsistent 

with developmental level. 

• The temper outbursts occur, on 

average, three or more times per 

week. 

• The mood between temper 

outbursts is persistently irritable or 

angry most of the day, nearly 

every day, and is observable by 

others (e.g., parents, teachers, 

peers). 

• Prior Criteria have been present for 

12 or more months. Throughout 

that time, the individual has not 

had a period lasting 3 or more 

consecutive months without all of 

the symptoms in Criteria A-D. 

• Criteria A and D are present in at 

least two of three settings (i.e., at 

home, at school, with peers) and 

are severe in at least one of these. 

• The diagnosis should not be made 

for the first time before age 6 years 

or after age 18 years. 

• Criteria 1-5 need to be made 

before age 10 

• There has never been a distinct 

period lasting more than 1 day 

during which the full symptom 

criteria, except duration, for a 

• Cranky, irritable, angry, easy to get 

angry, punch, kick, beat, hurt, set 

off, arguments, fight,  
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manic or hypomanic episode have 

been met. 

Major 

Depression 

(p160) 

• Five or more of the 

following symptoms have been 

present during the same 2-week 

period and present a chance from 

previous functioning: at least one of 

the symptoms is either depressed 

mood or loss of interest or pleasure 

• 1. Depressed moods of the 

day, nearly every day as indicated 

in subjective report or reported by 

others 

• Markedly diminished 

interest or pleasure in all or almost 

all activities, most of the day, 

nearly every day 

• Significant weight loss 

when not dieting or 

decreased/increased appetite every 

day 

• Insomnia or hypersomnia 

nearly every day 

• Psychomotor agitation or 

retardation nearly every day 

• Fatigue or loss of energy 

nearly every day 

• Feelings of worthlessness or 

excessive or inappropriate guilt 

nearly every day 

• Diminished ability to think 

or concentrate or indecisiveness 

nearly every day 

• Recurrent thoughts of death, 

recurrent suicidal ideation without a 

specific plan or a suicide attempt or 

a specific plan for committing 

suicide 

• Symptoms cause clinically 

significant distress or impairment in 

social, occupational or other 

important areas of functioning 

• Depressive: sad, blue, down, 

empty, depressed, gloomy, 

unhappy, feels like crying, 

miserable, agitated  

• Irritability/anger: annoyed, irritated, 

cranky, mad, angry, temper, lost 

your temper, hurting myself, 

killing, torturing 

• Not interested, bored, concentrate, 

enjoy less,  

• Suicidal Ideation: dying, killing, 

plan (in relation to killing), actually 

tried to kill, tell in advance, want to 

die, hurt yourself, hurt, hurt others, 

hopeless 

• Bad feelings, tearful, come and go, 

loneliness, unloved, alone, 

friendless, no one cares, ugly, hate 

myself, unfair, bad luck, 

punishment, guilty, helpless, eating 

all the time, don’t feel like eating 

 

Trauma- and 

Stressor-

Related (PTSD) 

(p265) 

• Must be older than 6 years 

old 

• Persistent and exaggerated 

negative beliefs or expectations 

• I have always had bad judgment 

• People in authority can't be trusted 

• I can't trust anyone ever again 
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about oneself, others, or the world 

(e.g., “I am bad,” “No one can be 

trusted,” ‘The world is completely 

dangerous,” “My whole nervous 

system is permanently ruined”). 

• Another form is persistent 

and exaggerated negative 

expectations 

regarding important aspects of life 

applied to oneself, others, or the 

future (e.g., “I have always had bad 

judgment"; "People in authority 

can't be trusted") that may manifest 

as a negative change in perceived 

identity since the trauma (e.g., "I 

can't trust anyone ever again"; 

Criterion D2). Individuals with 

PTSD may have persistent 

erroneous cognitions 

about the causes of the traumatic 

event that lead them to blame 

themselves or others (e.g., "It's all 

my fault that my uncle abused me") 

• It's all my fault that my uncle 

abused me 

• See “again and again”, think again 

and again, hear again and again 

• Stop bad thoughts, get rid of bad 

thoughts 

• Nightmares, can’t sleep 

• Reminded, avoided, hard to trust, 

threaten, hurt, hard to trust, alone 

• Concentrating, hard to concentrate, 

anxious,  

Disruptive 

Mood 

Dysregulation 

Disorder 

(DMDD) 

 

DMDD is closely related in 

longitudinal studies to depression.  

Common for kids to express 

irritability for depression instead of 

sadness or loss of pleasure/interest  

• annoyed, angry, lie, liar, break 

promises, con, fight, hit someone, 

hit, kill, bully, threaten, call names, 

make fun, push, kick, stolen,  
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APPENDIX 

APPENDIX E: COMPARISON OF SENTIMENT LEXICON USAGE 

Table Comparing Negative Indicator Sentiment Lexicon Between Essays that Used the Highest 

Proportion of Topic 1 to Topic 3 

Negative Sentiment Lexicon in Each Essay 

Topic 3 Essay Topic 1 Essay 

Bullying Bad 

Theft Cyber bullying 

Negatively effected Mean 

Victim Fight 

Harm Ruin your life 

Theft Ugly 

Neglect Hurt 

 Stab you in the back 

 You suck 

 Nobody watches you*  

 Killing 

 Hang 

 Stab 

 Shoot 

 Treat you like dirt 

*In the context of the essay, this statement refers to nobody wanting to give another person 

attention and they’re neglected 
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APPENDIX 

APPENDIX F: R PACKAGE topicmodels APPLICATION 

Sample Code Application 

library(topicmodels) #load library 

data = read.csv(file=’', header=T, sep=",", fill=T) #read in data 

 

#clean data using desired methods 

#Transform data into the format required  

get.terms <- function(x) {index = match(x, vocab) 

  index <- index[!is.na(index)] 

  rbind(as.integer(index - 1), as.integer(rep(1, length(index))))} 

documents <- lapply(new.doc.list, get.terms) 

del.doc = which(sapply(documents,length)<10)  

dat1 =data[-del.doc,] 

 

#load stemming list 

#remove stop words based on TFIDF to create final dataset from model training and testing 

pstP_dtm0_total<-DocumentTermMatrix(dat1, control=list(stemming=F, minWordLength = 

1)) 

two0_total<-findFreqTerms(pstP_dtm0_total,5)  

pstP_two.total<-pstP_dtm0_total 

term_tfidf <-tapply(pstP_two.total$v/row_sums(pstP_two.total)[pstP_two.total$i], 

pstP_two.total$j, mean)*log2(nDocs(pstP_two.total)/col_sums(pstP_two.total > 0)) 

cv<-as.numeric(term_tfidf[order(term_tfidf)[28]]) 

cv<-quantile(term_tfidf,0.0020) 

pstP_two2.total <- pstP_two.total[,term_tfidf >= cv] 

pstP_two3.total <- pstP_two2.total[row_sums(pstP_two2.total) > 1,] 

training_dataset <- pstP_two3.total[col_sums(pstP_two3.total) > 1,] 

 

pstP_two.test<-DocumentTermMatrix(dat1) 

pstP_two.test2 <- pstP_two.test[,term_tfidf >=cv] 

pstP_two.test3 <- pstP_two.test2[row_sums(pstP_two.test2) > 1,] 

test_dataset <- pstP_two.test3[col_sums(pstP_two.test3) > 1,] 

 

#set parameters for generating topic models with different numbers of topics 

sequ = seq(2, 7, 1) # in this case a sequence of numbers from 2 to 10, by ones. 

alpha = 1 

delta = 1 

SEED = 3423 

iter = 10000 
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keep = 1 

burnin = 5000 

# use lapply function in topicmodels to generate topic models using given parameters  

train <- lapply(sequ, function(k) LDA(training_dataset, k = k, method = "Gibbs", 

control=list(alpha=alpha, delta=delta, seed=SEED, burnin=burnin, iter = iter, keep = keep))) 

test<- lapply(train, function(l) LDA(test_dataset, model=l, k = sequ, method = "Gibbs", 

control=list(alpha=alpha, delta=delta, seed=SEED, burnin=burnin, iter = iter, keep = keep))) 

 

#select number of topics and specify 

k = 3 #number of topics 

 

#use different seed and LDA function in topicmodels to generate topics structures for specific 

k 

SEED = 7845652 

m <-LDA(pstP_two3.total, k=k, method = "Gibbs", control=list(alpha=alpha, delta=delta, 

seed=SEED, burnin=burnin, iter=20000)) 

 

#Post processing to extract topic structures 

n1<-table(m@z)[1] 

n2<-table(m@z)[2] 

n3<-table(m@z)[3] 

Topic_k<-topics(m,3) 

Terms_k<-terms(m,30) 

term.prob<-posterior(m, pstP_two3.total)$terms 

list.m.t1<-order(term.prob[1,], decreasing=TRUE)[1:30] 

list.m.t2<-order(term.prob[2,], decreasing=TRUE)[1:30] 

list.m.t3<-order(term.prob[3,], decreasing=TRUE)[1:30] 

m.t1<-term.prob[1,list.m.t1] 

m.t2<-term.prob[2,list.m.t2] 

m.t3<-term.prob[3,list.m.t3] 

 

#data1, data2, and data3 are the topic structures 

data1<-round(as.data.frame(m.t1),3) 

data2<-round(as.data.frame(m.t2),3) 

data3<-round(as.data.frame(m.t3),3) 

 

 


