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Abstract

Natural language processing (NLP) algorithms have demonstrated significant capabilities in understanding responses
to open-ended questions in survey data. However, the reliability and uncertainty of these methods on this task still need
to be thoroughly investigated. To address this issue, this paper presents a comprehensive comparative analysis of various
NLP methods for detecting fine-grained emotions in student responses about their mental health during the COVID-19
pandemic. The evaluated models include a Lexicon-based approach, the bag-of-words (BoW) model, Term Frequency-
Inverse Document Frequency (TF-IDF), a pre-trained Bidirectional Encoder Representations from Transformers (BERT)
model, MentalBERT, and OpenAl’s GPT-3.5. We carefully assess the efficacy of these models in accurately classifying
emotions into predetermined categories using performance metrics such as accuracy and F1 score. Furthermore, model
stability and distinguishing ability were quantified through repetitive cross-validation and the Area Under the Receiver
Operating Characteristic Curve (AUC). The consistency of emotion detection across different models is also evaluated.
The study highlights that the effectiveness of employing NLP methods for mental health analysis may vary depending
on the emotions being analyzed, and their stability and uncertainty require thorough examination. Our work can provide
valuable guidance for data scientists on applying NLP methods to survey data, particularly for understanding survey
respondents’ emotions.
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1. INTRODUCTION Advancements in NLP for emotion detection have been
significant over the past few decades. Early researchers de-
veloped the Lexicon-based method [38] to create a dic-
tionary that scores the emotions associated with individ-
ual words. Subsequently, techniques like the Bag-of-Words
(BoW) model [29] and Term Frequency-Inverse Document
Frequency (TF-IDF) [32] were introduced to convert texts
into numerical vectors. Machine learning algorithms, such as
logistic regression [36] and Support Vector Machines (SVM)
[34], can then be trained using these vectors to classify texts
into different emotion categories. Since 2017, the Trans-
former architecture [41] in deep learning has achieved re-
markable success in NLP. Large Language Models (LLMs)
[26], such as the Bidirectional Encoder Representations from
Transformers (BERT) [12] and the Generative Pre-trained
Transformer (GPT) [30], have demonstrated strong capabil-
ities in various NLP tasks. We can either use these LLMs
directly for emotion detection or fine-tune them for specific
emotions to further enhance accuracy.

Despite the success of NLP methods, two significant chal-
lenges remain when applying them to understand the men-
tal health of college students through open-ended survey
questions. First, mental health encompasses a range of nu-
*Corresponding author. anced emotions, such as depression, anxiety, stress, and iso-

In the early 2020s, the lives of university students were
significantly impacted by the COVID-19 pandemic. The
abrupt transition to online learning, loss of contact with
family and friends, and social and financial uncertainty had
a considerable impact on students’ mental health. Many sur-
veys [35, 42, 9, 18] have been conducted in colleges and uni-
versities to assess their impact and long-term effects. These
surveys typically included two types of questions: quanti-
tative questions that measure agreement or disagreement
with specific statements, and open-ended questions that in-
vite students to describe their personal feelings and experi-
ences. Traditional survey analysis [24] often focuses on the
quantitative responses, as these numerical responses can be
easily analyzed using mathematical and statistical models.
However, the responses to open-ended questions can pro-
vide more details and personalized insights into students’
mental health, which can then lead to studying the reasons
behind these impacts. To analyze this information in large
data sets, it is necessary to apply Natural Language Pro-
cessing (NLP) techniques [23] to detect emotions within the
students’ responses.
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lation. However, many traditional sentiment analysis meth-
ods [24] only consider general positive or negative sentiments
in texts. This limitation can lead to the neglect of personal
emotions expressed in open-ended survey responses, making
it difficult to identify subtle differences in mental health.
Second, using NLP to analyze mental health can yield ed-
ucational and psychological insights; thus, the stability and
distinguishing ability of these methods are crucial for reli-
able studies. There has been some effort to explore differ-
ences between such methods in the context of social media
text [4, 25] and free response surveys [44, 43, 19] related
to COVID. However, most of those studies only focus on
the consistency in the general sentiment prediction, not on
fine-grained emotion detection [10] that we are concerned
with.

To address the challenges of reliable emotion detection,
we conduct a comparative analysis of various NLP meth-
ods based on a recent study of college student responses
during COVID-19 [1]. This study surveyed students at a
large mid-Atlantic university in the U.S. during the early
months of the COVID-19 pandemic to assess its impact on
their mental health. The survey included both traditional
quantitative scoring questions and open-ended responses. In
their research, Amona et al. [1] carefully annotated ten com-
mon emotions—such as isolation, depression, and anxiety—
derived from the students’ responses to the question, “How
is COVID affecting your mental health?” They then ex-
amined how these emotions impacted different subgroups
within the student population.

Here, we compare a wide range of NLP methods, includ-
ing Lexicon-based approaches, BoW, TF-IDF, fine-tuned
BERT, and zero-shot GPT, for the automatic detection of
emotions in these survey responses. First, we assess the per-
formance of various NLP methods across all identified emo-
tions. We find that despite the complicated Transformer
method achieving the best overall performance, simpler
methods, such as Lexicon, can effectively identify specific
emotions. Next, we evaluate the stability and distinguish-
ing ability of these models, demonstrating the performance-
complexity trade-off when applying NLP methods. Finally,
we evaluate the detection consistency in emotion detec-
tion between NLP methods and the true labels, assessing
whether these methods yield similar results or not. This
comprehensive study highlights that the effectiveness of em-
ploying NLP methods to analyze mental health through sur-
vey data varies for the emotions being analyzed. Moreover,
for the methods with top overall performance, their stabil-
ity and uncertainty need to be thoroughly examined. We
summarize insights from our experimental studies and of-
fer method selection recommendations for NLP analysis of
survey data to guide future data science practices.

The paper is organized as follows: In Section 2, we in-
troduce related work that examines students’ mental health
during COVID-19 and advancements in NLP methods for
emotion detection. Section 3 outlines three aspects of our

methodology: data collection and annotation, the implemen-
tation of NLP methods, and the comparison framework. In
Section 4, we present our results and discuss the outcomes of
emotion detection using NLP methods in relation to mental
health. Finally, Section 5 summarizes the conclusions of our
study.

2. RELATED WORK
2.1 NLP Methods in Comparison Study

First, we will review the related NLP methods in our
comparison study. Traditional methods include the Lexicon-
based approach, where predefined dictionaries of emotional
words are used to identify emotions in text. For example,
Mohammad et al. [21] developed the National Research
Council of Canada (NRC) Emotion Lexicon (EmoLex), a
widely used resource for Lexicon-based emotion detection.
The model establishes connections between words and ba-
sic emotions, including anger, joy, and sadness. This Lex-
icon was developed through crowdsourcing, ensuring a di-
verse and comprehensive set of word-emotion associations.
Mohammad [20] later extended their work by adding real-
valued scores of intensity to emotions to create NRC Affect
Intensity Lexicon (AIL), enabling more fine-grained analy-
sis.

The next school of methods for text classification in-
volves converting sentences to numeric vectors using BoW
or TF-IDF and applying machine learning algorithms to
them. Sebastiani [33] provided a thorough analysis of these
algorithms, highlighting their performance across different
datasets and establishing their strengths and limitations in
text classification. BoW is a technique that turns text or
images into a histogram of words. BoW models convert text
into a matrix of token counts, representing the frequency of
each word in the text. This representation is then used as
input for machine learning classifiers such as logistic regres-
sion, SVM, or Naive Bayes. Based on the study in [29], this
makes the BoW computationally simple, helping it score
well on performance tests. Barry [2] studied using BoW on
Amazon and Yelp food reviews to classify whether they were
positive or negative. With its best machine learning model,
they achieved an accuracy score of over 95%. Desmet and
Hoste [11] used BoW to detect 15 emotions. Their results
varied by emotion, but six of the seven most common emo-
tions had acceptable accuracy.

TF-IDF improves upon BoW by weighting terms based
on their importance, calculated as the product of Term
Frequency (TF) and Inverse Document Frequency (IDF).
Ramos et al. [32] explained that the less frequently a word
appears in documents, the greater the weight it should re-
ceive. This weighting helps to emphasize significant words
while downplaying common ones, enhancing the model’s
ability to distinguish between different classes. Rahman et
al. [31] conducted sentiment classification by tweaking TF-
IDF with various vectorization methods and classifiers. With
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the correct classifier, they achieved 100% accuracy. Sun-
daram et al. [37] used TF-IDF for six emotions. For emotions
with large training sets, they had an accuracy of about 85%.

The advent of the Transformer architecture in deep learn-
ing, such as BERT and GPT, has revolutionized NLP.
BERT, introduced in [12], employs a bidirectional training
approach to understand the context of words in a sentence.
BERT’s architecture comprises multiple layers of encoders
within the Transformer, enabling it to capture intricate re-
lationships between words. BERT can be fine-tuned for spe-
cific tasks, such as emotion detection, which involves addi-
tional training on a labeled dataset to optimize the model’s
performance for that particular task. Tang et al. [39] further
explored the fine-tuning of BERT for multi-label sentiment
analysis, showcasing its effectiveness in handling multiple
co-occurring emotions under unbalanced class distributions.
Ji et al. [17] developed MentalBERT, a BERT-based model
fine-tuned on mental health-related text, demonstrating sig-
nificant improvements in understanding and classifying emo-
tional content compared to standard BERT models.

GPT models [30, 27], such as GPT-3.5, leverage genera-
tive pre-training on a vast corpus of text to generate human-
like responses. Floridi and Chiriatti [13] explained that such
models will transform the writing process and are capable of
producing texts on the level of some humans. These models
can be adapted for emotion detection by fine-tuning them
on specific datasets or using prompt engineering to elicit
desired outputs. Jain et al. [16] used two GPT models for
emotion detection, achieving an accuracy score of 0.98 over
the mental health datasets they tested it on. The BERT and
GPT models show much promise, with the GPT models be-
ing the most cutting-edge technology available.

2.2 Fine-Grained Emotion Detection

For this study, multiple fine-grained emotions related to
mental health, such as isolation, anxiety, and depression,
need to be detected from students’ responses to the open-
ended question. Bouzazizi et al. [5] tackled the challeng-
ing task of multi-class emotion detection on Twitter posts,
achieving 60.2% accuracy for seven emotion classes. Their
study emphasized the complexity of multi-class classifica-
tion and proposed a model to better extract and under-
stand emotions present in text rather than classifying them
into predefined categories. The authors introduced a system
that first classifies text as positive or negative and then as-
signs scores for corresponding emotion subclasses, improv-
ing the robustness and accuracy of emotion classification.
Demszky et al. [10] created a labeled dataset of 58k com-
ments for 27 emotions, including gratitude, confusion, and
remorse. They also trained a BERT-based model, achieving
0.46 F1 score. Mustafa et al. [22] leveraged Twitter data
and machine learning to classify depression severity, achiev-
ing 91% accuracy by analyzing the top 100 words used by
individuals and their psychological attributes. The study

highlighted the importance of feature selection in enhanc-
ing classifier performance and proposed incorporating addi-
tional data, such as emojis and images, to improve future
analyses. Guo et al. [14] introduced a multi-way matching
deep neural network model for fine-grained emotion detec-
tion of user reviews. Their approach predicted scores for
specific attributes within reviews, such as location, service,
price, and environment. The model consists of two steps:
attribute detection and attribute classification. In the first
step, the model identifies the relevant attributes mentioned
in the text. In the second step, it assigns a score rang-
ing from —5 to 5 for each emotion, reflecting the user’s
opinion. This fine-grained analysis offers a more detailed
understanding of user emotions by focusing on specific as-
pects of their reviews, demonstrating that NLP methods
can effectively distinguish between various emotion cate-
gories.

3. METHODOLOGY
3.1 Data Collection and Labeling

The dataset has been previously studied in [1] and [7], and
was collected from students at a large mid-Atlantic univer-
sity in the U.S. between April and June 2020. We focus on
one part of the collected data containing short-answer re-
sponses from students concerning the impact of COVID-19
on their mental health. The students had to answer the ques-
tion, “How is coronavirus/COVID-19 affecting your mental
health?” The responses are labeled manually by our research
team with various emotional indicators, which serve as the
ground truth for our emotion detection models. Each re-
sponse is annotated with binary labels for 10 emotions: Iso-
lation, Depression, Anziety, Negative Feelings, Lack of Mo-
tivation, All Stress, Issues With Home Life, No/Positive Ef-
fects, Lack of Routine, Miscellaneous. The binary labels (1
if positive, 0 if negative) indicate whether the labelers be-
lieved the respondent’s answers expressed the corresponding
emotions.

The ten categories of emotions are inspired by [6] and [35].
In Appendix A, we provide an example for each emotion,
and explain our definitions of Negative Feelings, All Stress,
and Miscellaneous. A response could be labeled into more
than one emotion category. To ensure the labeling quality,
two team members collaboratively categorized emotions for
each response. For any questionable answers, they would
sort out with multiple members to reach a consensus on la-
beling. In preparation for our analysis, the data were cleaned
by removing responses with no emotion detected, which typ-
ically occurred when there was no response or only random
characters. We also removed responses that lacked demo-
graphic information to facilitate future analysis. This left
398 responses in the dataset. The percentages of the re-
maining responses labeled as 1 for each emotion, ordered
from largest to smallest, are illustrated in Figure 1.
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Figure 1: The proportions of the responses expressing the
corresponding emotions from the human labeling results.
The ten emotions are ordered from the largest to the small-
est.

In Figure 2, we analyze correlation and hierarchical clus-
tering for all emotions. We find that most of the emotion
pairs have near-zero correlations. The clustering analysis
shows that “Depression” and “Anxiety” are the closest emo-
tions. However, their correlation is only 0.3. Other close
emotions also show small correlation coefficients of ~ 0.1.
Thus, we simplify this multiple-label classification prob-
lem into 10 binary classification problems. For every NLP
method, we train ten models, each using labels for a sin-
gle emotion. This simplification will provide a fair method-
comparison framework.

No.Positive Effects
08
Depression
06
Anxiety
04
Issues. With Home Life
0.2

All Stress

Lack.of Motivation ~ -0.44 044 003 -0.01 0.06 005 007 0.07 0.01

Negative Feelings 047 011 £0.05 2010 -0.07 0.05 -0.01 0.08 011

Isolation 020 0.02 010 0.05 0.09 0.07 0.01
06

Lackof Routine  -0.03 0.08 0.05 004 041 0.07 0.08
08

Miscellaneous  -0.09 006 0.01 0.01 006 001 041

3.2 Emotion Detection Using NLP
3.2.1 Text Preprocessing

We follow the common steps in NLP [23] to preprocess
the students’ responses in all the following methods, except
GPT, which takes the original text as input. The prepro-
cessing steps include:

e Text cleaning: Removal of special characters, numbers,
and extraneous whitespace.

o Tokenization: Splitting text into individual words or to-
kens.

o Lowercasing: Converting all text to lowercase to ensure
uniformity.

e Stop words removal: Removing common words that do
not contribute to emotional meaning, such as “and,”
“the,” etc.

e Lemmatization: Reducing words to their base or root
form.

After the preprocessing, the tokenized text will serve as in-
put to the following NLP models to detect emotions ex-
pressed in the responses.

3.2.2 Lexicon-Based Method

The Lexicon-based model uses a custom dictionary cre-
ated from a human-encoded text dataset. After the prepro-
cessing, the word frequencies are calculated to understand
the distribution of terms within the dataset. Words are then
scored based on their association with emotion labels, us-
ing metrics such as pointwise mutual information (PMI) to
quantify the strength of association between words and emo-
tions.

Hierarchical Clustering of Emotions

12

10 1
L I
No Positive Effects

Isolation

Height
All Stress

08

Lack.of Motivation T
Negative Feelings J

Issues.With.Home Life

Lack.of Routine T
Miscellaneous J

Depression T
Anxiety 4‘

Figure 2: The correlation matrix (left) and dendrogram clustering (right) of the labels for ten emotions.
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For a response r with words wy, ws, ..., w,, its probabil-

ity of including the emotion E; is:

p(r,E;) = U{Z Score(w;, E;) 4+ Intercept(E;)}  (3.1)

i=1

where Score(w;, E;) represents the score of word w; for emo-
tion E;, Intercept(E;) is the intercept for emotion E;, and
o{-} is the Sigmoid function. The Lexicon model will con-
clude that a response expresses an emotion when its pre-
dicted probability is at least 0.50.

Our study implemented the Lexicon-based model using
R’s SentimentAnalysis package [28]. All responses were
scanned to create a custom dictionary for each emotion. The
scores of top words for the three typical emotions identified
in Section 4.1, as well as their intercepts, are presented in
Table 1. We find that most of the words with coefficients
different from 0 are explainable. For the “Depression” emo-
tion, “depress” is associated with positive instances, while
“routin”, “tend”, and “schedul” are associated with nega-
tive instances. For “Lack of Motivation”, “motiv”, “focus”.
and “bed” are associated with positive ones. For “Miscella-
neous”, the method only finds two words. The word “sleep”
shows a clear positive association, indicating the labelers
put the sleep issues in this category. On the other hand, the
words with near-zero coefficients are less explainable. They
might be introduced in the dictionaries due to random sam-
pling of positive/negative instances.

Table 1. The word scores and intercepts of three typical
emotions in the customized dictionary for our dataset.

Depression Lack of Motivation Miscellaneous
‘Word Score Word Score Word Score
depress 0.321  motiv 0.138  sleep 0.028
routin —0.033  focus 0.075  focus 0.003
tend —0.023  bed 0.044
schedul —0.016  there 0.020
becom —0.005 anymore 0.012
effect —0.003 cant 0.001
Intercept 0.036  Intercept 0.086  Intercept 0.059

3.2.3 BoW and TF-IDF

The BoW [29] and TF-IDF [32] methods will convert
the tokenized text into a vector or matrix, and then train
machine learning models for emotion detection. The BoW
model transforms text into a matrix of token counts. Each
response is represented as a vector v indicating the fre-
quency of each word in the text. For a response r with words

w1, Wa, ..., Wy, the vector representation vpew(r) is given
by:

f (wp, )] (3-2)

veow (1) = [f(w1,7), f(wa,T), ...

where f(w;, ) is the frequency of word w; in response r.

The TF-IDF model improves upon the BoW model by
weighing terms based on their importance. The term fre-
quency (TF) measures how often a word appears in a docu-
ment, while the inverse document frequency (IDF) measures
how unique or rare a word is across all documents. The TF-
IDF score for a word w in response r is calculated as:

TF-IDF(w,r) = TF(w,r) x IDF(w) (3.3)
where:
TF(w,7) = % (3.4)
and
IDF (w) = log (I{r - R]Yw - T}I) (3.5)

where f(w,r) is the frequency of word w in response r, N is
the total number of responses, and |[{r € R : w € r}| is the
number of responses containing the word w. Finally, for a
response r with words wy,ws, ..., w,, the vector represen-
tation vrppr(r) is given by:

vrr.apr(r) =[TF-IDF (wy,r), TF-IDF (w,, 1),
..., TF-IDF(wy, )].

After transforming each response into a vector, we adopt
machine learning methods to train classifiers to detect each
emotion. In this study, we consider two methods: logistic
regression [36] and SVM [34]. Logistic regression predicts
the probability of a class by applying a logistic function to
a linear combination of input features, whereas SVM finds
the hyperplane that best separates the data into classes by
maximizing the margin between the classes. With the ker-
nel method [15], those linear classifiers can be extended for
non-linear classification. However, the performance of non-
linear classifiers depends on the careful choice of kernels and
their hyper-parameters for specific problems and datasets.
To avoid excessive parameter tuning, we only consider the
linear classifiers in the BoW and TF-IDF methods. To han-
dle imbalanced data, we can also use the Synthetic Minor-
ity Over-sampling Technique (SMOTE) [8] to generate syn-
thetic samples for the minority class, balancing the dataset.
After conducting preliminary experiments, we employ the
SVM with a linear kernel for the BoW method and logistic
regression with SMOTE for the TF-IDF method, as these
combinations provide generally better accuracy across dif-
ferent emotions.

3.2.4 Fine-Tuned MentalBERT

BERT [12] is a transformer-based model designed to un-
derstand the context of words in a sentence through bidi-
rectional training. MentalBERT [17] is a pre-trained BERT
model specialized in mental health-related text. We first
load the pretrained network “mental-bert-base-uncased”.
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Then, we fine-tune Mental BERT using our dataset to tai-
lor it to the specific emotion-related student mental health
during the COVID-19 pandemic. The model was trained for
5 epochs with a batch size of 16, learning rate of 27°, and
a maximum sequence length of 128 tokens. The fine-tuning
process adjusts the pre-trained model’s parameters to min-
imize the loss on the training data using the true emotion
labels in our dataset.

3.2.5 Zero-Shot GPT

GPT [30], a generative LLM, has revolutionized NLP
and artificial intelligence since ChatGPT was introduced in
2022. In this study, we utilize OpenATl’s GPT-3.5 [27] to
generate emotion predictions for each response, as a base-
line method. Given its ability to understand and generate
human-like text, GPT-3.5 can be prompted with the stu-
dents’ responses and asked whether the input paragraph ex-
presses specific emotions. The predictions are then mapped
to the binary labels for further evaluation. The details of
GPT’s prompts are listed in Appendix B. We do not input
the human labeling into the GPT prompt; thus, the method
can be considered a zero-shot one. The experiment was con-
ducted using GPT-3.5-turbo, the July 2024 version.

In Table 2, we summarize the training complexity of the
five methods compared in this paper.

Table 2. The model complexity comparison of the five
methods we compare in this study.

Model Complexity
Build a customized dictionary for each
Lexicon emotion, usually including around 10 words in
our application.
Convert each instance to a vector with
BoW maximum length 1000, and train a linear SVM
(parameters < 1k).
Convert each instance to a vector with
TF-IDF maximum length 1000, and train a logistic
regression (parameters < 1k).
Mental- Pretrained 110M parameters, fine-tuning for
BERT each emotion.
GPT-35 Pretrained 20B parameters, training is not

needed.

3.3 Comparison Framework
3.3.1 Performance Criterion

To compare the performance of the different models, we
use several standard evaluation metrics: True Positive (TP),
True Negative (TN), False Positive (FP), False Negative
(FN), Accuracy, Precision, Recall, F1 Score, Receiver Op-
erating Characteristic (ROC) Curve, and Area Under the
ROC Curve (AUC). For a response r, we set y,(E;) = 1 if
human labeling considers that it includes the emotion E;,
otherwise y,(E;) = 0. Then, for an NLP method, its pre-
diction result is - (E;). The first four metrics are calculated

as:

TPs, = Y 1{y(B;) = ,(E;) = 1}
FPi, = > 1{y(E;) # 1 and ,(E;) = 1}

FNg, = > 1{y,(B;) = 1 and §,(E;) # 1}

R
TNg, = > 1{u(By) = 3n(Ey) £ 1},

where 1{-} denotes an indicator function. Then, accuracy
measures the proportion of correct predictions (both TP
and TN) out of the total number of predictions, calculated
as:

ACC — TPg, + TNg,
¥~ TPg, + TNg, + FPg, + FNg,

(3.6)

Precision measures the proportion of true positive predic-
tions out of all positive predictions (TP and FP), calculated
as:

TPg,

e 3.7
TPg, + FPg, (3.7)

Precisiong; =

Recall measures the proportion of true positive predic-
tions out of all actual positive cases (TP and FN), calculated
as:

TPg,

s (3.8)

RecallEj - m

At last, the F1 Score is the harmonic mean of Precision
and Recall, providing a single metric that balances both
concerns, calculated as:

F1 9 Precisiong; x Recallg;
=2 X% .
Ej Precisiong; + Recallg;

(3.9)

The Receiver Operating Characteristic (ROC) Curve is
a graphical representation of a model’s diagnostic ability.
It plots the True Positive Rate (Recall) against the False
Positive Rate (FPR) with different thresholds, where FPR
is defined as:

FPg,
- "B (3.10)
FPg, + TNg,

FPRE,
Then, we can calculate the Area Under the ROC Curve
(AUC), which quantifies the model’s overall ability to dis-
criminate between positive and negative classes. A higher
AUC indicates a better-performing model.
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3.3.2 Comparison Steps

To give a comprehensive comparison among the NLP
methods in the emotion detection from students’ responses,
our study includes the following three steps:

1. Compare the emotion detection performance of the five
NLP methods. We use the accuracy and F1 scores as
the criteria. For the four trainable methods, i.e., Lexi-
con, BoW, TF-IDF, and Mental BERT, we vary the size
of the training data using 20%, 50%, and 80% of the en-
tire dataset, to evaluate how the sample size affects the
performance. We repeat the training/testing splits 100
times and report the average accuracy and F1 scores
on the testing set. The zero-shot method, GPT-3.5, is
used as the baseline.

2. Evaluate the stability and distinguishing ability of the
NLP methods. We performed the 5-fold stratified cross-
validation [45] 100 times with different data separa-
tions. In each stratified cross-validation, the data was
split into five stratified folds, ensuring proportional
representation of the positive/negative instances. The
model is trained on four folds and tested on the re-
maining fold to evaluate performance. The process is
repeated five times, once for each fold as the testing
set. By doing so, we reduce variability caused by differ-
ences in the proportions of positive/negative instances
between the training and testing datasets. The standard
deviations of the accuracy and F1 scores are calculated
to assess whether the model’s performance is sensitive
to data splitting. Then, we obtain the predicted prob-
abilities for emotions and calculate the average AUC
for each model across 100 stratified cross-validations to
assess their distinguishing abilities.

3. Show the consistency of the detection results among the
five NLP methods for different emotions. We conduct
pairwise comparisons to determine whether the detec-
tion results of one approach are consistent with those
of another. This analysis highlights the similarities and
differences among the five NLP methods.

4. COMPARISON RESULTS AND
DISCUSSION

4.1 Detection Performance Comparison

In this section, we examine the performance of four train-
able methods — Lexicon, BoW, TF-IDF, and Mental BERT
— as well as the zero-shot method, GPT. For the four train-
able methods, we consider training data splits of 80%, 50%,
and 20% to evaluate the impact of training sample size. We
choose accuracy and F1 scores from the testing data, as
defined in Section 3, as the performance criteria. For each
percentage, we repeat the training/testing splits 100 times,
and report the average performance criteria. The original
results are presented in the tables in Appendix C.1.

To compare the performance of the five methods, we show
the boxplots of their accuracy (upper panel) and Fl-scores
(lower panel) with various training percentages in Figure 3.
We observe that the training percentage has a limited effect
on the Lexicon’s performance. The median F1 score of the
Lexicon with a 20% training split is even slightly higher than
those with 80% and 50% training percentages. The perfor-
mance of BoW and TF-IDF shows modest impacts of the
training percentage, and their overall trends are similar to
each other. At last, the performance of Mental BERT, espe-
cially its F1 score, is significantly impacted by the training
percentage. The median F1 score of Mental BERT with 80%
is the highest among all NLP methods; however, its median
F1 score with 20% is the lowest. A possible reason is that
20% of the training data, comprising only 80 instances, is
insufficient to fine-tune the 110M parameters in the Mental-
BERT model. The zero-shot GPT demonstrates modest per-
formance, similar to BoW and TF-IDF with a 50% training
percentage. However, its F'1 scores surpass BoW, TF-IDF,
and Mental BERT with a 20% training percentage. Overall,
the Lexicon method is relatively resistant to decreases in the
training dataset, while MentalBERT is the most sensitive.
Meanwhile, the performance changes in BoW and TF-IDF
with varying training set sizes are moderate.

We examine the performance of those methods for indi-
vidual emotions. We select three emotions: Depression, Lack
of Motivation, and Miscellaneous, which present various lev-
els of detection performance. The emotion with good per-
formance, Depression, can be identified by keywords such
as “depression” and “depressed” from the responses. The
emotion associated with poor performance, Miscellaneous,
is ambiguous and has only a small positive sample size. The
moderate one, Lack of Motivation, has a clear definition but
requires a comprehensive understanding of the responses to
detect it. The accuracies and F1 scores of the three typical
emotions of NLP methods with various training percentages
are shown in Figure 4. We also highlight the values of the
three typical emotions in Figure 3.

For Depression, the four trainable NLP methods with
80% training percentages achieve high performance with an
accuracy of 0.9 ~ 1.0 and F1 scores of 0.8 ~ 1.0. More-
over, Lexicon, BoW, and Mental BERT all achieve significant
improvements in both accuracy and F1 score compared to
GPT, when the training percentage exceeds 50%, whereas
TF-IDF yields a minor improvement. However, with a 20%
training percentage, the performance of TF-IDF and Men-
talBERT drops dramatically, while the performance of Lex-
icon and BoW remains stable.

For the emotion with moderate detection difficulty, Lack
of Motivation, the four trainable methods, with an 80%
training percentage, can achieve higher or similar accuracy
or F1 scores compared to the zero-shot GPT. However, the
increase between the trainable methods and the GPT is
smaller than that for the Depression case. The F1 score
of the Mental BERT is superior to that of other methods,
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Boxplot of sd of accuracy for the trainable methods

Boxplot of sd of F1-scores for the trainable methods

Boxplot of average AUCs for the trainable methods
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Motivation, and Miscellaneous, are also highlighted.

demonstrating its capability to understand the context of
the responses. When the training percentage reaches 50%
and 20%, the F1 scores of most trainable methods decrease
to levels below or similar to those of GPT. This suggests that
we require a sufficiently large dataset to train the model for
this emotion.

For the challenging emotion, Miscellaneous, the four
trainable methods, along with GPT, achieve high accuracy
of around 0.90 ~ 0.95 and low F1-scores of around 0 ~ 0.1.
The results show that there is a very small number of posi-
tive data points for the Miscellaneous emotion, and the NLP
methods will predict all sentences as negative. Due to this
issue, the training percentages cannot help the performance
of the four trainable results. Moreover, the zero-shot GPT
also fails to recognize this ambiguous definition with a near-
zero F1 score.

4.2 Model Stability and Distinguishing Ability

The next step is to evaluate the stability and distinguish-
ing ability of the four trainable methods: Lexicon, BoW,
TF-IDF, and Mental BERT. We find the mean and standard
deviation of the accuracies and F1 scores from 100 repeti-
tions of stratified 5-fold cross-validation. The means are sim-
ilar to those with an 80% training percentage in Section 4.1,
as the models using 5-fold cross-validation were also fitted
from 80% of the data. The standard deviation tells us how
the performance measurements change depending on which
80% of the data they are trained with, showing the stability
of the methods. Then, we calculate the average AUC of the
100 repetitions, which indicates the model’s ability to sepa-
rate each emotion. The AUC is close to 1 when a method is
capable of identifying all instances of an emotion with very
few false positives. At the same time, an AUC of 0.5 means
the method distinguishes an emotion no better than a ran-
dom guess. The original results are presented in the tables
in Appendix C.2.

The left and middle plots in Figure 5 show the boxplots
of the standard deviations of the accuracy and F1 scores,

and the right plot illustrates the boxplots of average AUCs
among 10 emotions for the four trainable methods. There is
no result for GPT, as it does not require a training process
and cannot produce a probability of a positive detection.
For the accuracy, it is clear that Lexicon has the smallest
standard deviations, while Mental BERT has the largest. For
the standard deviations of F1 scores, the trend is less obvi-
ous. However, the lower bound of Lexicon’s boxplot is lower
than that of the other three trainable methods, showing
that it can achieve the highest stability for some emotions.
Those plots show that Lexicon excels in the stability mea-
surements, while Mental BERT’s performance is sensitive to
the part of the data with which it is trained. In the right
plot, the upper bounds of the boxplots are all close to 1.0,
but their lower bounds are different. Among the four meth-
ods, TF-IDF shows the highest average AUCs, and Lexicon
and Mental BERT have the lowest values. Thus, when using
AUC as the criterion, TF-IDF shows the highest distinguish-
ing ability for some challenging emotions.

We show the stability and distinguishing ability measure-
ments for the three typical emotions identified in Section
4.1. Their values are also highlighted in Figure 5 with spe-
cial legends. For the emotion with good detection perfor-
mance, Depression, the standard deviations of accuracy and
F1 score are close to 0 for Lexicon, and slightly increase from
BoW and TF-IDF to Mental BERT. The AUCs of all four
methods are almost 1, showing excellent distinguishing abil-
ity. For the moderate one, Lack of Motivation, the standard
deviation of accuracy again increases from Lexicon, BoW,
TF-IDF, to Mental BERT. However, Mental BERT achieves
the smallest standard deviation of F1 scores. One possible
reason is that MentalBERT is better able to understand the
concept of Lack of Motivation, thereby improving its sta-
bility. Their AUCs are around 0.75 and 0.85, and TF-IDF
achieves the highest AUC.

For the emotion with poor performance, Miscellaneous,
the standard deviations of Lexicon are still low despite its
overall poor averages shown in Section 4.1. MentalBERT
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Figure 6: The stability and distinguishing ability measurements of the four trainable methods using 5-fold cross-validation
for three typical emotions spanning different levels of detection performance.

again has the largest standard deviation in its accuracy and
F1 scores. The AUCs are around 0.5 and 0.6, indicating the
model’s prediction is slightly better than the random guess.
Among the four methods, TF-IDF has the highest AUC,
while Lexicon and Mental BERT have the lowest. We can
conclude that for both easy and challenging emotions, Lexi-
con exhibits the highest stability, while Mental BERT shows
the lowest. For the moderate one, MentalBERT’s stabil-
ity becomes better. For moderate and challenging emotions,
TF-IDFE’s distinguishing ability outperforms others when us-
ing AUC as the criterion.

4.3 Prediction Consistency

In this section, we aim to compare the consistency be-
tween the detections of different NLP methods, which indi-
cates whether they yield identical predictions for each stu-
dent’s response. To handle emotions with a very small num-
ber of positive samples, we choose the Jaccard index, also
known as the Jaccard similarity, to measure consistency. The
Jaccard index between the two methods for a certain emo-
tion can be calculated as:

ZR I(gMethl =1 and QMethg _ 1)

Z ( ~Methy __
Metho

where I(-) is the indicator function, and g™t and ¢}
denote whether the two methods predict is that emotion
expressed in response r. The prediction results are based
on the first repetition of the 100 5-fold cross-validation pro-
cesses in Section 4.2. We calculate the Jaccard indices from
the 15 pair-wise comparisons between five NLP methods
and the true labels, and the results of the ten emotions are
listed in Appendix C.3. Figure 7 presents the average pair-
wise consistencies over the ten emotions. Mental BERT vs.
true labels (0.5) and BoW vs. TF-IDF (0.48) have the two
highest average Jaccard indices. The first pair demonstrates
the capability of trainable Transformer models to predict

Jac(Methy, Methy) =

=1or yMem2 =1) ’
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Figure 7: The average Jaccard indices among 10 emotions
between five NLP methods and the true labels.

results close to the true labels. Meanwhile, the second pair
is possibly caused by the similar mechanisms of the two
methods, which first convert the responses to vectors and
then train a machine learning classifier. Then, we examine
the leftmost column, which shows the consistency of the five
NLP methods compared to the true label. Mental BERT has
the highest score (0.5), followed by BoW (0.43), and Lexi-
con, TF-IDF, and GPT have the lowest scores (0.37).
Finally, we present the Jaccard indices for the three typi-
cal emotions. For the good one, Depression, almost all pair-
wise consistencies are above 0.5, while the consistencies be-
tween the true labels, Lexicon, BoW, and Mental BERT are
higher than 0.75. However, the TF-IDF and GPT generate
relatively inconsistent predictions, while their Jaccard index
is lower than 0.5, which is consistent with the results in Fig-
ure 4 where these two methods show lower accuracies and
F1 scores. For the emotion with moderate detection per-
formance, Lack of Motivation, we find that Mental BERT
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Figure 8: The Jaccard indices between five NLP methods and the true labels for three typical emotions spanning different

levels of detection performance.

achieves the highest consistency with the true labels, which
is around 0.6, while the other Jaccard indices range from
0.22 to 0.57. This result highlights the capabilities of train-
able LLMs. For the emotion with poor performance, Miscel-
laneous, every pairwise comparison is below 0.1, indicating
that none of the NLP methods, whether trainable or not,
can capture the ambiguous concept of Miscellaneous.

4.4 Discussion

Performance and Complexity Trade-off: The NLP
methods investigated in this study exhibit dramatically dif-
ferent levels of complexity. The Lexicon-based method re-
quires learning scores for only dozens of keywords, while
Mental BERT must fine-tune over 100 million parameters
in its Transformer architecture [17]. These complexity dif-
ferences translate into distinct performance patterns. The
Lexicon-based method achieves stable performance across
training sample sizes ranging from 20% to 80%, demonstrat-
ing the lowest standard deviations in both accuracy and F1
scores. However, its peak performance cannot compete with
more sophisticated methods. In contrast, fine-tuned Men-
talBERT demonstrates the highest accuracy and F1 scores
with 80% training data and achieves the best Jaccard Index
agreement with true labels. Yet its performance drops dra-
matically with limited training data (20%), and it exhibits
the highest variability in repeated cross-validation experi-
ments.

BoW and TF-IDF methods, both of which convert re-
sponses into numeric vectors before training traditional ma-
chine learning models, demonstrate balanced performance,
complexity, and stability. Their methodological similarity
is reflected in their relatively high pairwise Jaccard index.
While TF-IDF achieves better AUC scores than BoW, indi-
cating good distinguishing ability for challenging emotions,
its performance declines more rapidly with reduced training
data.

The zero-shot GPT method, implemented through Ope-
nAD’s API, requires no training process and achieves per-
formance comparable to BoW and TF-IDF models trained
on 50% of the data, though it underperforms compared to
MentalBERT trained on 80% of the data. Notably, Lossio-
Venture et al. [19] found that zero-shot ChatGPT outper-
formed fine-tuned Transformers in sentiment analysis for
COVID-19 survey data. This apparent discrepancy likely
stems from task complexity differences: sentiment analysis
predicts general positive/negative sentiment, a more uni-
versal task that ChatGPT’s vast training data can han-
dle effectively. In contrast, our fine-grained emotion detec-
tion requires distinguishing among ten mental health-related
emotions, many specifically defined by our research team.
Without access to labeled training data, the zero-shot GPT
model cannot accurately detect these domain-specific emo-
tional categories.

Method Selection Suggestions: Based on our perfor-
mance observations, we offer the following guidelines for
NLP method selection. The Lexicon-based method proves
particularly effective for detecting well-defined emotions
with clear linguistic indicators, especially when training
data is limited or stability is prioritized over peak perfor-
mance. Fine-tuned Mental BERT is most suitable for detect-
ing contextually complex emotions when sufficient training
data (> 50% of available samples) and computational re-
sources are available. Traditional machine learning meth-
ods, such as BoW and TF-IDF, provide effective predictions
when labeled data or computational resources are insuffi-
cient for Transformer models. Finally, zero-shot GPT can
generate quick assessments when no training data is avail-
able, though performance will be limited for domain-specific
emotions.

Uncertainty in Mental Health Studies: When de-
ploying NLP methods for emotion detection in mental
health research, their inherent uncertainty must be carefully
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examined, as detection results can have serious consequences
for both research conclusions and potential interventions.
Uncertainty arises from multiple sources, beginning with the
training dataset itself. As demonstrated by our experiments,
most NLP methods show performance sensitivity to train-
ing size variations. Additionally, repeated cross-validation
reveals that resampling the training dataset while maintain-
ing the same sample size yields variable predictions, partic-
ularly for high-complexity models like fine-tuned Mental-
BERT. Therefore, sensitivity analysis for training sample
size and cross-validation repetitions is essential for evaluat-
ing model stability.

A second source of uncertainty stems from the binariza-
tion of predicted probabilities. All four trainable methods
output probabilities indicating the likelihood of emotion
presence, with positive detection determined by a 0.5 thresh-
old. However, a response with 0.99 prediction probability
represents a different uncertainty level compared to one with
0.51 probability. In this study, we employed AUC to evalu-
ate the distinguishing ability of NLP models based on pre-
dicted probabilities, and ROC curves can provide additional
insights into model uncertainty characteristics.

Emotion Labeling Impact: A crucial finding is that
the target emotion significantly impacts NLP method per-
formance. Figures 3 and 5 demonstrate that accuracy and
stability measurements for the same method vary substan-
tially across the ten emotions studied. Training sample size
sensitivity also depends on the specific emotions being de-
tected. Consequently, method comparisons yield different
conclusions for different emotion types, as illustrated by
our analysis of Depression, Lack of Motivation, and Mis-
cellaneous categories. Such performance disparities across
emotions can lead to inconsistent findings in studies relying
on NLP detection results. While traditional mental health
studies, such as [1], design emotion categories based on do-
main knowledge, the increasing role of NLP methods in data
analysis necessitates careful selection and design of emotion
categories to ensure both performance and stability of auto-
mated detection algorithms. For instance, Miscellaneous, a
convenient category for human labelers, leads to poor per-
formance for all NLP methods. Such categories should be
avoided when incorporating NLP methods for data analy-
sis.

We note that all four trainable methods can improve the
model’s consistency in producing predictions that are similar
to those of human labelers. Thus, the zero-shot GPT-3.5
performs relatively poorly compared to other methods when
we use human labels as the “golden standard”. However, as
pre-trained LLMs become more powerful, their predictions
could be more valuable when the quality of human labels
cannot be ensured. Collaboration between LLMs and human
experts can be beneficial for mental health research.

Multi-label Classification: There are machine learn-
ing research related to multi-label classification [3, 40]. They
found that by adopting specialized methods, such as prob-
lem transformation and algorithm selection, we can capture

the inner structure of the labels to improve accuracy. In
Figure 2, there are weak associations between our ten emo-
tions. For example, No/Positive Effects have —0.20 ~ —0.03
correlations with other 9 emotions. Employing multi-label
classification to improve the efficiency of emotion detection
would be an interesting future study.

5. CONCLUSION

This paper presents a comprehensive comparative study
of NLP methods for detecting fine-grained emotions in col-
lege student responses regarding their mental health dur-
ing the COVID-19 pandemic. We evaluated five distinct ap-
proaches: Lexicon, BoW, TF-IDF, fine-tuned Mental BERT,
and zero-shot GPT, examining their performance, train-
ing sample size sensitivity, stability, distinguishing ability,
and inter-method consistency. Our experimental results re-
veal performance-complexity trade-offs among NLP meth-
ods and provide evidence-based guidelines for method selec-
tion. We demonstrate the critical importance of recognizing
uncertainty inherent in NLP detections and emphasize the
need for careful emotion category design to ensure detection
quality. Our insights bridge a critical gap in NLP analysis
between data science and mental health studies, utilizing
survey data with various applications.

This work establishes a foundation for future NLP devel-
opment in mental health survey research through several
promising directions. First, hybrid or mixture-of-experts
frameworks could be designed to balance performance-
complexity trade-offs by selecting appropriate models based
on emotion type and available training sample size, thereby
providing stable detection results across diverse conditions.
Second, uncertainty-aware algorithms could be developed
based on our analytical framework, incorporating predic-
tion probabilities, cross-validation standard deviations, and
inter-method consistency scores to generate uncertainty es-
timates. In mental health applications, such systems could
restrict automated decisions to low-uncertainty cases while
flagging high-uncertainty responses for human review. Fi-
nally, our findings highlight the need for developing emotion
categories that balance mental-health insights with compu-
tational detectability, potentially through collaborative ef-
forts between domain experts and NLP researchers.

APPENDIX A. LABELING CRITERIA FOR
TEN EMOTIONS

Table 3 gives an example for each emotion in our labeling
process. Most of those emotions are self-explanatory, except
the last three. We list our labeling criterion here:

e Negative Feelings include fear, grief or sorrow, sadness,
hopelessness, lack of purpose or control;

e All Stress includes stress or worry related to the
academy, financial and job, health, or general reasons;
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Table 3. Examples of the 10 emotions in manual labeling in our dataset.

Emotions affecting
mental health

Sample of positive responses

Isolation “I’'m extroverted and the isolation is very taxing.”
“ : .
Depression I am (}’eeply depressed from watching the world collapse and feeling so helpless and
useless.
Anxiety “I had general anxiety even before the pandemic, so this has just been adding to it.”

Issues With Home Life

“Being away from campus has taken my independence away which has taken a toll
on me.”

Lack of Routine

“I experience a lack of routine or structure due to the coronavirus.”

Lack of Motivation

“The lack of a concrete schedule from not attending classes and extracurricular ac-
tivities has distorted the passage of time and days feel much longer than they should
be.”

No/Positive Effects

“Giving me time to really focus on myself and develop new hobbies.”

Negative Feelings

“I constantly have panic attacks or moments of sadness.”

“I feel like I am constantly stressed about me or my family contracting it, and it

All Stress

worries me because I care about my health, but even more about their health.”

Miscellaneous R
disorder.”

“This situation has caused me to struggle even more with my recovery from an eating

Table 4. The accuracy and F1 score of each method with 80%/20% training/testing splitting.

Isolation Depression Anziety Issues With Home  Lack of Routine
Life

Lexicon
Accuracy 0.793 0.990 0.972 0.852 0.946
F1 0.693 0.967 0.937 0.282 0.211
BoW
Accuracy 0.799 0.982 0.979 0.850 0.957
F1 0.748 0.942 0.953 0.459 0.524
TF-IDF
Accuracy 0.817 0.944 0.918 0.847 0.956
F1 0.758 0.794 0.793 0.441 0.467
MentalBERT
Accuracy 0.833 0.980 0.967 0.860 0.953
F1 0.797 0.942 0.929 0.470 0.461

o Miscellaneous includes miscellaneous mental health is-
sues, such as self-harm, substance abuse, trauma, eating
disorders, sleep issues, etc.

APPENDIX B. PROMPTS FOR GPT-3.5
Using OpenAT’s API, we first write the following prompt:

messages = [

{"role": "system", "content": "You are categorizing
the emotions and issues expressed by the student
in their response. A response can possess
multiple emotions/issues."},

{"role": "user", "content": "Emotions and issues:
Isolation/Loneliness, Depression, Anxiety,
Negative Feelings, Lack of Motivation, All
Stress (including academic, financial, health),
Miscellaneous Mental Health Issues, Home Life
Issues, Positive Effects, Lack of Routine."},

{"role": "user", "content": "Student response: " +
response}

where response is the students’ responses r in their survey.
We then send the message to GPT-3.5:

completion = client.chat.completions.create(
model="gpt-3.5-turbo",
messages=messages,
temperature=0.7,
max_tokens=250,

)

When receiving the answer from GPT-3.5, we will check
whether it includes each emotion E;. If so, the corresponding
detection g, (E;) will be set as 1; otherwise g, (E;) = 0.

APPENDIX C. ORIGINAL RESULTS

C.1 Accuracy and F1 Scores with Various
Training Sample Sizes

For the four trainable NLP methods, their accuracy and
F1 scores from testing dataset with various training sam-
ple sizes for the ten emotions are listed in Tables 4 and
5 (80%/20% training/testing), Tables 6 and 7 (50%/50%
training/testing), Tables 8 and 9 (20%/80% training/test-
ing). The accuracy and F1 scores of the zero-shot GPT are
listed in Table 10. We repeat the splitting 100 times and
report the average performance criteria.
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Table 5. The accuracy and F1 score of each method with 80%/20% training/testing splitting.

Lack of Motivation No/Positive Effects Negative Feelings Miscellaneous All Stress
Lexicon
Accuracy 0.916 0.873 0.803 0.938 0.828
F1 0.639 0.030 0.344 0.000 0.551
BowW
Accuracy 0.905 0.886 0.749 0.922 0.813
F1 0.619 0.353 0.391 0.071 0.557
TF-IDF
Accuracy 0.900 0.890 0.757 0.929 0.805
F1 0.583 0.395 0.418 0.125 0.531
MentalBERT
Accuracy 0.933 0.944 0.780 0.929 0.851
F1 0.768 0.749 0.431 0.091 0.770
Table 6. The accuracy and F1 score of each method with 50%/50% training/testing splitting.
Isolation Depression Anziety Issues With Home  Lack of Routine
Life
Lexicon
Accuracy 0.771 0.990 0.973 0.846 0.944
F1 0.658 0.970 0.942 0.227 0.205
BowW
Accuracy 0.767 0.978 0.974 0.849 0.954
F1 0.706 0.930 0.943 0.425 0.500
TF-IDF
Accuracy 0.789 0.933 0.898 0.846 0.954
F1 0.717 0.753 0.737 0.389 0.439
MentalBERT
Accuracy 0.805 0.976 0.962 0.855 0.948
F1 0.762 0.927 0.917 0.092 0.245
Table 7. The accuracy and F1 score of each method with 50%/50% training/testing splitting.
Lack of Motivation No/Positive Effects Negative Feelings Miscellaneous All Stress
Lexicon
Accuracy 0.913 0.872 0.793 0.936 0.827
F1 0.619 0.039 0.280 0.001 0.531
BoWwW
Accuracy 0.889 0.878 0.750 0.928 0.798
F1 0.543 0.298 0.376 0.067 0.503
TF-IDF
Accuracy 0.884 0.888 0.758 0.933 0.796
F1 0.496 0.339 0.357 0.082 0.483
MentalBERT
Accuracy 0.918 0.929 0.767 0.936 0.829
F1 0.699 0.637 0.336 0.023 0.730
Table 8. The accuracy and F1 score of each method with 20%/80% training/testing splitting.
Isolation Depression Anziety Issues With Home  Lack of Routine
Life
Lexicon
Accuracy 0.720 0.988 0.958 0.838 NA
F1 0.546 0.960 0.894 0.141 NA
BoWwW
Accuracy 0.720 0.943 0.947 0.843 0.948
F1 0.621 0.793 0.874 0.302 0.283
TF-IDF
Accuracy 0.728 0.890 0.858 0.841 NA
F1 0.607 0.529 0.576 0.187 NA
MentalBERT
Accuracy 0.701 0.840 0.812 0.940 0.941

F1 0.591 0.107 0.342 0.035 0.000
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Table 9. The accuracy and F1 score of each method with 20%/80% training/testing splitting.

Lack of Motivation No/Positive Effects Negative Feelings Miscellaneous All Stress
Lexicon
Accuracy 0.896 0.866 0.772 NA 0.814
F1 0.515 0.042 0.158 NA 0.463
BoW
Accuracy 0.857 0.872 0.752 0.935 0.785
F1 0.311 0.104 0.299 0.031 0.401
TF-IDF
Accuracy 0.854 NA 0.758 NA 0.772
F1 0.222 NA 0.216 NA 0.305
MentalBERT
Accuracy 0.848 0.878 0.765 0.940 0.715
F1 0.038 0.047 0.032 0.000 0.383
Table 10. The accuracy and F1 score of zero-shot GPT method.
Isolation Depression Anziety Issues With Home  Lack of Routine
Life
GPT
Accuracy 0.788 0.861 0.827 0.827 0.832
F1 0.782 0.708 0.717 0.523 0.367
Lack of Motivation No/Positive Effects Negative Feelings Miscellaneous All Stress
GPT
Accuracy 0.842 0.891 0.686 0.939 0.725
F1 0.575 0.505 0.31 0 0.577

Table 11. The standard deviations of accuracy and F1 scores obtained from 100 repetitive five-fold cross-validation for four

trainable NLP methods.
5-fold Iso-lation  Depre- Anzie-ty Issues Lack of Lack of No/ Pos- Nega-tive  Misce- All Stress
Cross sston With Routine Motiva- itive Ef-  Feelings llane-ous
Valida- Home tion fects
tion Life
Lexicon
Accu- 0.793 £+ 0.990 0976 + 0.852 + 0944 £+ 0915 + 0871 <+ 0.802 + 0938 + 0.831 =+
racy 0.010 0.000 0.000 0.006 0.003 0.006 0.004 0.008 0.002 0.011
F1 0.696 £+ 0971 0.947 4+ 0275 +£ 0202 4+ 0633 <+ 0.037 + 0335 £ 0.000 + 0.555 =+
0.017 0.001 0.000 0.041 0.072 0.032 0.031 0.039 0.000 0.041
BowW
Accu- 0.797 £ 0.982 0977 4+ 081 £ 098 £+ 0901 £ 0889 <+ 0.751 £ 0922 <+ 0813 =£
racy 0.011 0.002 0.001 0.009 0.003 0.007 0.007 0.012 0.006 0.010
F1 0.748 + 0.944 0949 + 0468 + 0567 + 0.618 £+ 0403 £+ 0398 £ 0.091 + 0562 =+
0.014 0.005 0.003 0.033 0.038 0.028 0.040 0.028 0.045 0.026
TF-IDF
Accu- 0.818 £+ 0.943 0916 4+ 0847 <+ 0957 4+ 0900 £ 0891 <+ 0.759 £ 0930 =+ 0.805 =+
racy 0.011 0.003 0.005 0.008 0.003 0.008 0.006 0.011 0.004 0.009
F1 0.761 4+ 0.802 0.793 4+ 0458 + 0511 + 0.600 £ 0402 £ 0428 £+ 0.143 £+ 0541 =+
0.016 0.013 0.015 0.024 0.030 0.033 0.039 0.026 0.036 0.022
MentalBERT
Accu- 0.822 £+ 0.981 0967 4+ 085 <+ 0954 + 0930 £ 0942 + 0.783 £ 0934 <+ 0.853 =+
racy 0.009 0.005 0.005 0.009 0.005 0.010 0.007 0.011 0.007 0.012
F1 0.789 £+ 0.943 0929 4+ 0.503 £+ 0471 £+ 0.765 £+ 0.741 £+ 0456 <+ 0.159 + 0.776 =+
0.012 0.013 0.011 0.046 0.070 0.027 0.032 0.037 0.078 0.019

C.2 Stability and Distinguishing Ability

Table 11 shows the standard deviations of accuracy

C.3 Pairwise Consistency

Pairwise consistency between five NLP methods and the

and F1 scores obtained from 100 repetitive five-fold cross-

validation for four trainable NLP methods. Table 12 lists
the average Area Under ROC Curves (AUC) obtained from
the stratified cross-validation for four trainable NLP meth-

ods.

true labels for each emotion is listed in Figure 9.
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Table 12. The average Area Under ROC Curves (AUC) obtained from the first five-fold cross-validation for four trainable NLP

methods.
Iso-lation  Depre- Anzie-ty Issues Lack of Lack of No/ Pos- Nega-tive  Misce- All Stress
sston With Routine Motiva- itive Ef-  Feelings llane-ous
Home tion fects
Life
Lexicon 0.855 0.977 0.965 0.843 0.767 0.829 0.631 0.714 0.487 0.813
BoW 0.860 0.960 0.980 0.810 0.830 0.850 0.770 0.670 0.630 0.790
TF-IDF 0.880 0.950 0.970 0.840 0.860 0.880 0.810 0.720 0.700 0.830
Mental- 0.820 0.970 0.960 0.690 0.670 0.850 0.820 0.650 0.550 0.830
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Figure 9: The pairwise comparison between five Al methods and the true label for the ten emotions.

FUNDING

This research was supported by NSF Research Ex-
periences for Undergraduates (REU), grant number
DMS1950015, and by the VCU College of Humanities and
Sciences Catalyst.

Accepted 19 May 2026

REFERENCES

[1] Amona, E., WEsST, A., WHITE, A., SaHoO, I., CHAN, D. M,,
GANDHI, P. and QIAN, Y. (2025). Breakdown of COVID effects on

students’ mental health at the beginning of the pandemic. PLOS
Mental Health 2(6) 0000363.

BARRY, J. (2017). Sentiment Analysis of Online Reviews Using
Bag-of-Words and LSTM Approaches. In AICS 272-274.
BocATiNovsKI, J., TODOROVSKI, L., DZEROSKI, S. and KOoCEV, D.
(2022). Comprehensive comparative study of multi-label classifi-
cation methods. Ezxpert Systems with Applications 203 117215.
BooN-ITT, S., SKUNKAN, Y. et al. (2020). Public perception
of the COVID-19 pandemic on Twitter: sentiment analysis and
topic modeling study. JMIR Public Health and Surveillance 6(4)
21978.

Bouazizi, M. and OHTsukl, T. (2019). Multi-class sentiment
analysis on Twitter: Classification performance and challenges.
IEEE Access T 46273-46284.

BrowNING, M. H.,; LARSON, L. R.; SHARAIEVSKA, 1., RIGOLON,

2

3

(4]

5



[7]

(8]

[9]

(10]

(11]

(12]

(13]

14]

[15]

[16]

(17)

(18]

(19]

20]

(21]

(22]

Comparative Analysis of NLP Methods for Emotion Detection in Student Responses During COVID-19 17

A., MCANIRLIN, O., MULLENBACH, L., CLOUTIER, S., Vu, T. M.,
THOMSEN, J., REIGNER, N. et al. (2021). Psychological impacts
from COVID-19 among university students: Risk factors across
seven states in the United States. PloS One 16(1) 0245327.
CHAN, D. M., BroDA, M. D., WiNsLow, J., JONES, Q., LUCE,
C., McGinnis, H. A.; ToMLINSON, C. A., HaMID, H. and Ma,
J. (2022). The Effects of Prime Supporters within a College Stu-
dent’s Support Network. Nonlinear Dynamics, Psychology & Life
Sciences 26(4).

CHAWLA, N. V., BOWYER, K. W., HALL, L. O. and KEGELMEYER,
W. P. (2002). SMOTE: synthetic minority over-sampling tech-
nique. Journal of Artificial Intelligence Research 16 321-357.
CoPELAND, W. E., McGINNIS, E., BAL, Y., ADAMS, Z., NARDONE,
H., DEvADANAM, V., RETTEW, J. and HupzIiAK, J. J. (2021). Im-
pact of COVID-19 pandemic on college student mental health and
wellness. Journal of the American Academy of Child & Adoles-
cent Psychiatry 60(1) 134-141.

DEMSzKY, D., MovsHOVITZ-ATTIAS, D., KO, J., COWEN, A., NE-
MADE, G. and Ravl, S. (2020). GoEmotions: A Dataset of Fine-
Grained Emotions. In Proceedings of the 58th Annual Meeting of
the Association for Computational Linguistics 4040-4054.
DESMET, B. and HOSTE, V. (2013). Emotion detection in sui-
cide notes. Exzpert Systems with Applications 40(16) 6351-6358.
https://doi.org/10.1016/j.eswa.2013.05.050.

DEVLIN, J., CHANG, M. -W., LEE, K. and TouTaNova, K. (2019).
Bert: Pre-training of deep bidirectional transformers for language
understanding. In Proceedings of the 2019 Conference of the
North American Chapter of the Association for Computational
Linguistics: Human Language Technologies 4171-4186.

Froripi, L. and CHIRIATTI, M. (2020). GPT-3: Its nature, scope,
limits, and consequences. Minds and Machines 30 681-694.
Guo, X., ZHANG, G., WANG, S. and CHEN, Q. (2020). Multi-way
matching based fine-grained sentiment analysis for user reviews.
Neural Computing and Applications 32(12) 7729-7743.
HormaNN, T., SCHOLKOPF, B. and SmoLa, A. J. (2008). Ker-
nel methods in machine learning. The Annals of Statistics
36(3) 1171-1220. https://doi.org/10.1214/009053607000000677.
MR2418654

JaIN, B., GoyaL, G. and SHARMA, M. (2024). Evaluating Emo-
tional Detection & Classification Capabilities of GPT-2 & GPT-
Neo Using Textual Data. In 2024 14th International Conference
on Cloud Computing, Data Science & Engineering (Confluence)
12-18. https://doi.org/10.1109/Confluence60223.2024.10463396.
J1, S., Zuang, T., ANsari, L., Fu, J., Tiwari, P. and Cawm-
BRIA, E. (2022). Mentalbert: Publicly available pretrained lan-
guage models for mental healthcare. In Proceedings of the 13th
Language Resources and Evaluation Conference 7184—7190.
Kiv, H., Rackorr, G. N., FirrzsiMmMoNs-CRAFT, E. E.; SHIN,
K. E., ZAaNAL, N. H., ScawoB, J. T., EISENBERG, D., WILFLEY,
D. E., TAYLOR, C. B. and NEwWMAN, M. G. (2022). College mental
health before and during the COVID-19 pandemic: results from a
nationwide survey. Cognitive Therapy and Research 46(1) 1-10.
LOSSIO-VENTURA, J. A., WEGER, R., LEE, A. Y., GUINEE, E. P.|
CHUNG, J., ATLAS, L., LiNos, E. and PEREIRA, F. (2024). A com-
parison of ChatGPT and fine-tuned open pre-trained transform-
ers (OPT) against widely used sentiment analysis tools: senti-
ment analysis of COVID-19 survey data. JMIR Mental Health 11
50150.

MOHAMMAD, S. M. (2018). Word Affect Intensities. In Proceedings
of the Eleventh International Conference on Language Resources
and Ewvaluation (LREC 2018). European Language Resources
Association (ELRA), Miyazaki, Japan. https://aclanthology.org/
L18-1027.

MoHAMMAD, S. M. and TURNEY, P. D. (2013). Crowdsourcing
a word—emotion association lexicon. Computational Intelligence
29(3) 436-465. https://doi.org/10.1111/§.1467-8640.2012.00460.
x. MR3093841

Mustara, R. U., AsHrAF, N., AuMED, F. S., FERZUND, J.,
SHAHZAD, B. and GELBUKH, A. (2020). A Multiclass Depression

23]

[24]

[25]

[27

(28]

29]

(30]

[31

32]

[33

(35]

[36

37]

(39]

[40]

[41]

[42]

Detection in Social Media Based on Sentiment Analysis. In Inter-
national Conference on Intelligent Systems Design and Applica-
tions 879-889 Springer.

NADKARNI, P. M., OHNO-MACHADO, L. and CHAPMAN, W. W.
(2011). Natural language processing: an introduction. Journal of
the American Medical Informatics Association 18(5) 544-551.
NaArDI, P. M. (2018) Doing survey research: A guide to quan-
titative methods. Routledge, an imprint of the Taylor & Francis
Group.

NaseeM, U., Razzak, 1., KHusHl, M., EKLUND, P. W. and KiMm,
J. (2021). COVIDSenti: A large-scale benchmark Twitter data set
for COVID-19 sentiment analysis. IEEE Transactions on Com-
putational Social Systems 8(4) 1003-1015.

NAVEED, H., KHan, A. U., QIu, S., SAQIB, M., ANWAR, S., Us-
MAN, M., AKHTAR, N., BARNES, N. and MIAN, A. (2023). A com-
prehensive overview of large language models. ACM Transactions
on Intelligent Systems and Technology.
OPENAI (2023). GPT-4 Technical Report.
arXiv:2303.08774.

PrOLLOCHS, N., FEUERRIEGEL, S. and NEUMANN, D. (2018). Sta-
tistical inferences for polarity identification in natural language.
PloS one 13(12) 0209323.

QADER, W. A., AMEEN, M. M. and AHMED, B. I. (2019). An
Overview of Bag of Words: Importance, Implementation, Appli-
cations, and Challenges. In 2019 International Engineering Con-
ference (IEC) 200-204. https://doi.org/10.1109/IEC47844.2019.
8950616.

RADFORD, A., NARASIMHAN, K., SALIMANS, T., SUTSKEVER, I.
et al. (2018). Improving language understanding by generative
pre-training. Technical Report, OpenAl https://cdn.openai.com/
research-covers/language-unsupervised/.

RanMAN, S. S. M. M., BrrLoB, K. B. M. B., Rauman, M. H.,
SARKER, K. and IsLaMm, T. (2020). An investigation and evalua-
tion of N-Gram, TF-IDF and ensemble methods in sentiment clas-
sification. In Cyber Security and Computer Science: Second EAI
International Conference, ICONCS 2020, Dhaka, Bangladesh,
February 15-16, 2020, Proceedings 2 391-402. Springer.

RaMos, J. et al. (2003). Using TF-IDF to determine word rel-
evance in document queries. In Proceedings of the first instruc-
tional conference on machine learning 242 29-48. Citeseer.
SEBASTIANI, F. (2002). Machine learning in automated text cate-
gorization. ACM Computing Surveys (CSUR) 34(1) 1-47.
Smora, A. J. and SCHOLKOPF, B. (2004). A tutorial on support
vector regression. Statistics and Computing 14 199-222. https://
doi.org/10.1023/B:STC0.0000035301.49549.88. MR2086398
Son, C., HEGDE, S., SMITH, A., WANG, X. and SASANGOHAR, F.
(2020). Effects of COVID-19 on college students’ mental health
in the United States: Interview survey study. Journal of Medical
Internet Research 22(9) 21279.

Storrzrus, J. C. (2011). Logistic regression: a brief primer. Aca-
demic Emergency Medicine 18(10) 1099-1104.

SUNDARAM, V., AHMED, S., MUQTADEER, S. A. and REDDY, R. R.
(2021). Emotion analysis in text using TF-IDF. In 2021 11th In-
ternational Conference on Cloud Computing, Data Science & En-
gineering (Confluence) 292-297. IEEE.

TABOADA, M., BROOKE, J., TOFILOSKI, M., VoLL, K. and STEDE,
M. (2011). Lexicon-based methods for sentiment analysis. Com-
putational Linguistics 37(2) 267-307.

TAaNG, T., TANG, X. and YUAN, T. (2020). Fine-tuning BERT for
multi-label sentiment analysis in unbalanced code-switching text.
IEEE Access 8 193248-193256.

TsoumakAs, G. and Karakis, I. (2007). Multi-label classifica-
tion: An overview. International Journal of Data Warehousing
and Mining 3(3) 1-13.

VASWANI, A., SHAZEER, N., PARMAR, N., USZKOREIT, J., JONES,
L., GoMEz, A. N., KAISER, L. and POLOSUKHIN, I. (2017). Atten-
tion is all you need. Advances in Neural Information Processing
Systems 30.

WanNg, X., HEGDE, S., SoN, C., KELLER, B., SMITH, A. and

arXiv preprint


https://doi.org/10.1016/j.eswa.2013.05.050
https://doi.org/10.1214/009053607000000677
https://mathscinet.ams.org/mathscinet-getitem?mr=2418654
https://doi.org/10.1109/Confluence60223.2024.10463396
https://aclanthology.org/L18-1027
https://aclanthology.org/L18-1027
https://doi.org/10.1111/j.1467-8640.2012.00460.x
https://doi.org/10.1111/j.1467-8640.2012.00460.x
https://mathscinet.ams.org/mathscinet-getitem?mr=3093841
https://arxiv.org/abs/2303.08774
https://doi.org/10.1109/IEC47844.2019.8950616
https://doi.org/10.1109/IEC47844.2019.8950616
https://cdn.openai.com/research-covers/language-unsupervised/
https://cdn.openai.com/research-covers/language-unsupervised/
https://doi.org/10.1023/B:STCO.0000035301.49549.88
https://doi.org/10.1023/B:STCO.0000035301.49549.88
https://mathscinet.ams.org/mathscinet-getitem?mr=2086398

18 A. Maret et al.

SASANGOHAR, F. (2020). Investigating mental health of US college
students during the COVID-19 pandemic: Cross-sectional survey
study. Journal of Medical Internet Research 22(9) 22817.
WEGER, R., L0OSsIO-VENTURA, J. A., ROSE-McCANDLISH, M.,
SHAW, J. S., SINCLAIR, S., PEREIRA, F., CHUNG, J. Y., ATLAS,
L. Y. et al. (2023). Trends in language use during the COVID-
19 pandemic and relationship between language use and mental
health: text analysis based on free responses from a longitudinal
study. JMIR Mental Health 10(1) 40899.

WRIGHT, L., BURTON, A., MCKINLAY, A., STEPTOE, A. and FAN-
COURT, D. (2022). Public opinion about the UK government dur-
ing COVID-19 and implications for public health: A topic model-
ing analysis of open-ended survey response data. PloS One 17(4)
0264134.

7ZENG, X. and MARTINEZ, T. R. (2000). Distribution-balanced
stratified cross-validation for accuracy estimation. Journal of Ez-
perimental € Theoretical Artificial Intelligence 12(1) 1-12.

[43]

44]

(45]

Alexander Maret. Department of Mathematics, Uni-
versity of Pennsylvania, United States. E-mail address:
maret@upenn.edu

Cade Dees. Department of Computer Science, University of Al-
abama, United States. E-mail address: cade.dees@yahoo.com

Yule Fu. Department of Mathematics, Duke University, United
States. E-mail address: yule.fu@duke.edu

Yanjun Qian. Department of Statistical Sciences and Oper-
ations Research, Virginia Commonwealth University, United
States. E-mail address: ygian3@vcu.edu

David Chan. Department of Mathematics and Applied Math-
ematics, Virginia Commonwealth University, United States. E-
mail address: dmchan@vcu.edu

Punit Gandhi. Department of Mathematics and Applied Math-
ematics, Virginia Commonwealth University, United States. E-
mail address: gandhipr@vcu.edu

Indranil Sahoo. Department of Statistical Sciences and Op-
erations Research, Virginia Commonwealth University, United
States. E-mail address: sahooi@vcu.edu


mailto:maret@upenn.edu
mailto:cade.dees@yahoo.com
mailto:yule.fu@duke.edu
mailto:yqian3@vcu.edu
mailto:dmchan@vcu.edu
mailto:gandhipr@vcu.edu
mailto:sahooi@vcu.edu

	Introduction
	Related Work
	NLP Methods in Comparison Study
	Fine-Grained Emotion Detection

	Methodology
	Data Collection and Labeling
	Emotion Detection Using NLP
	Text Preprocessing
	Lexicon-Based Method
	BoW and TF-IDF
	Fine-Tuned MentalBERT
	Zero-Shot GPT

	Comparison Framework
	Performance Criterion
	Comparison Steps


	Comparison Results and Discussion
	Detection Performance Comparison
	Model Stability and Distinguishing Ability
	Prediction Consistency
	Discussion

	Conclusion
	Labeling Criteria for Ten Emotions
	Prompts for GPT-3.5
	Original Results
	Accuracy and F1 Scores with Various Training Sample Sizes
	Stability and Distinguishing Ability
	Pairwise Consistency

	Acknowledgements
	Funding
	References
	Authors' addresses

