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alternative approaches that can be more accessible. One 
such method is bibliotherapy, the use of books and reading to 
support one’s psychological well-being (3,4). This approach 
is traditionally used in both clinical and self-help contexts, 
leading to improvements in stress management and aiding 
individuals with depression and anxiety (3). However, many 
bibliotherapy approaches use static reading lists that are not 
personalizable to address unique readers (5). 
	 Recently, there have been many advances in natural 
language processing (NLP) and machine learning. NLP is a 
subfield of artificial intelligence and machine learning focused 
on designing algorithms and models that allows computers 
to analyze, understand, represent and generate human 
language. NLP models have already been applied to digital 
mental health tools for sentiment analysis and development 
of therapeutic solutions. They have become essential tools 
for detection of mental health disorders, monitoring of risk 
behaviors, and support for therapeutic interventions (6-
9). Applications span from characterizing the language of 
bipolar disorder and predicting mood episodes to large-scale 
analyses of social media for depression, suicidal ideation, 
and other conditions (7-8). Emerging work shows the potential 
of real time NLP analysis for crisis detection through the 
deployment of these models (9). 
	 NLP models are able to classify and interpret human 
emotions from text inputs with impressive accuracy 
(10). Transformer based architectures use self-attention 
mechanisms to model contextual relationships between all 
tokens in a sequence, allowing for a richer understanding 
of language. These models have improved the accuracy 
of sentiment and emotion detection compared to earlier 
approaches, such as support vector machines, recurrent 
neural networks, and convolutional neural networks (11-14). 
This improvement is significant because in digital mental 
health applications, accurate emotion detection is critical, as 
even small improvements in classification accuracy can allow 
for a more precise personalization of interventions. For this 
reason, we chose to focus this study solely on transformer-
based models. 
	 Larger models, characterized by a greater number 
of parameters and layers, have an increased capacity to 
capture patterns and structures within the text data they are 
exposed to (26). This allows them to develop a more nuanced 
understanding of relationships in text, which is crucial for 
interpreting emotions in text. More attention heads enable the 
model to focus on different aspects of the input sequence, 
forming diverse contextual representations, while a larger 
hidden size and expanded FFN provide a richer space for 
these representations to develop and transform nonlinearly 
(27-28). Additionally, a larger and more diverse pretraining 
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SUMMARY
Mental health challenges are becoming a serious 
problem globally, showcasing the need for more 
accessible and personalized forms of treatment. 
Bibliotherapy, the use of books to support one’s 
emotional state, is a promising solution. However, 
traditional methods often lack personalization in 
their approach, using static reading lists that do not 
adapt to the reader. This study evaluates the potential 
of natural language processing (NLP) models in 
an emotion-driven bibliotherapy framework. We 
fine-tuned several models on an emotion-labeled 
dataset containing English X (formerly Twitter) 
messages and assessed their accuracy across key 
emotional categories, including joy, sadness, anger, 
fear, surprise, and love. We hypothesized that more 
parameters and layers, an increased number of 
attention heads and larger hidden sizes, greater feed-
forward network (FFN) dimensions and pretraining 
corpora, and larger model vocabularies would enhance 
performance as measured by standard classification 
metrics, including accuracy, precision, recall, and 
F1-score. Pearson correlation analyses linked these 
metrics to transformer architectural and pretraining 
characteristics. Our results partially supported this 
hypothesis. While the number of attention heads 
showed a moderate and statistically significant 
positive correlation with all performance metrics, 
other factors showed weak or negligible correlations 
and were not statistically significant. Notably, 
the number of layers exhibited a strong negative 
correlation with performance metrics, suggesting 
that deeper models do not lead to better outcomes 
in emotion classification. Additionally, corpus size 
was negative for most emotions but positive for 
love, indicating that the benefits of larger corpora 
may depend on the type of emotion being modeled. 
Overall, these findings will help build stronger models 
for emotion-driven bibliotherapy applications.

INTRODUCTION
	 Mental health disorders are one of the leading causes of 
disability across all age groups, affecting nearly 970 million 
people worldwide (1). Despite the increasing spread of 
depression, anxiety, and other mental health disorders, access 
to mental health care is extremely limited due to factors such 
as cost, stigma, and shortage of mental health professionals 
(2). Thus, there has been a massive rise in interest in 
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corpus exposes the model to a wider range of linguistic 
styles, topics, and emotional expressions, facilitating the 
learning of more generalizable features. Finally, a larger 
model vocabulary minimizes out-of-vocabulary (OOV) words, 
ensuring the model can process and understand a broader 
set of terms, including specific emotional words, without 
relying on less precise sub-word tokenization (29). Together, 
these factors contribute to a deeper and more comprehensive 
language understanding, which we predict will improve 
performance in emotion classification tasks. 
	 Using NLP emotion detection with book recommendation 
algorithms could change how readers discover new books 
(15). This NLP integration in an emotion-driven bibliotherapy 
framework would contain NLP as the interpretive layer within 
a bibliotherapy application (Figure 1). In this framework, the 
system begins with the user input, such as journal entries, 
that is then analyzed by an NLP model for emotional content. 
The emotion classification results would then feed into a 
recommendation algorithm trained on a large corpus of 
literature tagged with emotional metadata. This framework 
would allow a system to not only recommend books by topic 
or genre, but by their emotional resonance with the reader’s 
mood. 
	 In this study, we investigated the role of transformer-
based NLP models in enabling emotion-driven bibliotherapy 
through accurate emotion classification. We fine-tuned 
fifteen pretrained transformer models on a standardized 
emotion-labeled dataset and evaluated their performance 
across six core emotions: joy, sadness, anger, fear, surprise, 
and love (16-25). We hypothesized that architectural and 
pretraining factors, including number of attention heads, 
hidden size, FFN, vocabulary size, and pretraining corpus 
size, would positively influence classification performance as 
measured by accuracy, precision, recall, and F1-score. Our 
results partially supported this hypothesis: while the number 
of attention heads showed a moderate and statistically 
significant positive correlation with all performance metrics, 
most other factors exhibited weak or negligible effects. 
Notably, the number of layers demonstrated a strong negative 
correlation with performance, suggesting that deeper models 
do not necessarily improve emotion classification. These 
findings provide insight into which transformer design choices 
most effectively balance accuracy and efficiency for emotion-
driven bibliotherapy applications.

RESULTS
	 To evaluate different models and identify significant factors 
influencing model effectiveness, we conducted a two-part 
experimental study. The first component analyzed the key 
metrics of emotion detection using 15 NLP models, while the 

second applied statistical analyses to uncover correlations 
between hypothesized factors and evaluation metrics. 
We selected 15 pre-trained NLP models. Each model was 
fine-tuned on a standardized emotion-labeled dataset, which 
consisted of raw text sequences corresponding to emotional 
statements. Model performance was assessed using the 
standard classification metrics of accuracy, precision, recall, 
and F1-score. In the context of this experiment, a positive 
prediction refers to the model predicting that an input text 
belongs to a specific emotion category (e.g., predicting “joy” 
for a text excerpt). Because the dataset contains six labeled 
emotions — joy, sadness, anger, fear, surprise, and love 
— the model makes one positive prediction per excerpt by 
selecting the most likely emotion class. Precision refers to 
the proportion of excerpts for which the model accurately 
predicted a given emotion. Recall measures the proportion 
of all excerpts labeled with a given emotion that the model 
correctly identified. The F1-score represents the harmonic 
mean of precision and recall and reflects how reliably the 
model identifies each emotion class.
	 The models’ accuracy, F1-scores, precision, and recall 
were variable (Table 1). RoBERTa-base achieved the highest 
accuracy at 93.00%, along with an F1-score of 93.03%, 
precision of 93.08%, and recall of 93.00%. Close contenders 
included Albert-base-v2 (accuracy 92.95%, F1-score 92.90%, 
precision 92.93%, recall 92.95%) and Bert-base-cased 
(accuracy 92.85%, F1-score 92.76%, precision 92.81%, recall 
92.85%). Other strong performers were Bert-base-uncased 
(accuracy 92.65%) and DistilBERT-base-uncased (accuracy 
92.60%), demonstrating consistent performance across 
metrics.
	 Overall, model accuracy ranged from 29.05% (Google 
MobileBERT-uncased) to 93.00%, averaging 88.63%. F1-
score varied from 13.08% to 93.03%, with a mean of 87.73%. 
Precision spanned 8.44% to 93.08%, averaging 87.82%, 
while recall ranged from 29.05% to 93.00%, with an average 
of 88.63% (Table 1). RoBERTa-base and Albert-base-v2 
were the top-performing models across classification metrics, 
with lighter models like DistilBERT and MiniLM also achieving 
competitive performance with shorter training times.
	 We computed Pearson correlation coefficients (r) between 
each factor and each performance metric to quantify linear 
relationships (Figure 2). The architectural factors tested were 
number of parameters, number of layers, hidden size, FFN 
dimension, number of attention heads, vocabulary size, and 
pretraining corpus size. We assessed statistical significance 
using p-values (p < 0.05 considered significant). Pearson 
correlation analysis was performed across all 15 models, 
using each model as one data point for each architectural 
factor. In other words, correlations were computed based on 

Figure 1: The AI-bibliotherapy framework. In this framework, natural language processing (NLP) can be integrated into a bibliotherapy 
application. User input is analyzed through NLP emotion classification, which feeds into a recommendation system that suggests books based 
on emotion. 
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the individual metric values for each model, not on averaged 
values or values aggregated by architecture type. This 
analysis enabled us to determine which architectural features 
were meaningfully associated with improvements or declines 
in model performance. 
	 Pearson correlation coefficients for each factor and 
each performance metric are summarized below (Figure 
2). Weak positive correlations were observed between the 
number of parameters and the F1-score (r=0.3442), precision 
(r=0.3344), and recall (r=0.3465), though none of these 
correlations were statistically significant (p>0.20), suggesting 
that simply increasing the number of model parameters 
does not necessarily lead to proportional improvements 
in performance. In contrast, the number of layers exhibited 
a strong and statistically significant negative correlation 
across all performance metrics (F1-score: r=−0.8041, 
p=0.0003; precision: r=−0.8077, p=0.0003; recall: r=−0.8018, 
p=0.0003), indicating that adding more layers tends to 
significantly decrease F1-score, precision, and recall. The 
pretraining corpus size showed negligible and non-significant 
correlations with F1-score (r=−0.1664, p=0.6248), precision 
(r=−0.1939, p=0.5678), and recall (r=−0.1754, p=0.6060), 
suggesting that the size of the pretraining corpus does not 
have a linear relationship with model performance. Similarly, 
vocabulary size presented very weak and non-significant 
positive correlations with F1-score (r=0.1703, p=0.5440), 
precision (r=0.1642, p=0.5588), and recall (r=0.1711, 

p=0.5421), indicating that variations in vocabulary size are 
not significant predictors of changes in performance metrics. 
Hidden size also displayed weak and non-significant positive 
correlations with F1-score (r=0.2312, p=0.4071), precision 
(r=0.2163, p=0.4389), and recall (r=0.2367, p=0.3957), 
suggesting that increasing the hidden layer size does not 
significantly improve performance on this task. Next, the 
number of attention heads showed a moderate and statistically 
significant positive correlation with performance metrics (F1-
score: r=0.5299, p=0.0422; precision: r=0.5167, p=0.0486; 
recall: r=0.5344, p=0.0401), indicating that increasing the 
number of attention heads is meaningfully associated with 
improvements in F1-score, precision, and recall, highlighting 
its importance in model architecture for this task. Finally, 
the FFN dimension size displayed weak and non-significant 
positive correlations with performance metrics (F1-score: 
r=0.2367, p=0.3957; precision: r=0.2163, p=0.4389; recall: 
r=0.2312, p=0.4071), suggesting that increasing the FFN 
size does not yield statistically reliable improvements in 
classification performance, indicating that this factor is less 
critical compared to other architectural parameters.
	 When analyzed by emotion, similar patterns emerged 
with some variation in effect sizes (Figure 3). For sadness, 
F1-score was positively correlated with attention heads 
(r=0.524, p=0.0449) and moderately with parameters 
(r=0.337, p=0.2195), hidden size (r=0.224, p=0.4213), and 
feed-forward dimension (r=0.224, p=0.4213), while layers 
were strongly negatively correlated (r=−0.804, p=0.0003). 
Corpus size showed a moderate negative association 
(r=−0.293, p=0.3823). Joy followed a similar pattern, with 
attention heads (r=0.497, p=0.0593) positively associated 
and layers (r=−0.811, p=0.0002) negatively associated with 
performance; parameters (r=0.325, p=0.2376), hidden size 
(r=0.194, p=0.4896), and feed-forward dimension (r=0.194, 
p=0.4896) showed weaker contributions, while corpus size 
showed a weak negative correlation (r=−0.109, p=0.7501). 
Anger and fear exhibited strong positive correlations with 
attention heads (r=0.534, p=0.0403; r=0.518, p=0.0478, 
respectively) and parameters (r=0.330, p=0.220), and strong 
negative correlations with layers (r=−0.790, p=0.0005; 
r=−0.807, p=0.0003), with corpus size weakly negative 
in both cases (r=−0.162, p=0.6337; r=−0.249, p=0.4603). 
Love showed the highest sensitivity to attention heads 
(r=0.597, p=0.0189), with moderate positive contributions 
from parameters (r=0.420, p=0.1189), hidden size (r=0.313, 
p=0.2563), and FFN dimension (r=0.313, p=0.2563), while 
layers remained negatively correlated (r=−0.789, p=0.0005) 
and corpus size showed a weak positive association (r=0.199, 
p=0.5580). Notably, Love was the only emotion where the 
correlation with pretraining corpus size showed a positive 
correlation, suggesting it may require more diverse semantic 
context than other categories. Surprise demonstrated slightly 
weaker correlations overall, with positive contributions from 
attention heads (r=0.542, p=0.0369), hidden size (r=0.370, 
p=0.1750), and feed-forward dimension (r=0.370, p=0.1750), 
a moderate negative correlation with layers (r=−0.487, 
p=0.0655), and a weak negative relationship with corpus size 
(r=−0.216, p=0.5229). These results indicate that attention 
heads consistently provide the most substantial positive 
impact across all emotions, whereas deeper models and larger 
corpora generally reduce emotion-specific performance. 
Parameters, hidden size, and FFN dimensions show weaker 

Table 1:Performance comparison of models across evaluation 
metrics. Performance of 15 pretrained NLP models on emotion 
classification. Models are ranked by F1-score, with corresponding 
values for Accuracy, Precision, and Recall. All models were trained 
for three epochs, assessing the following emotional categories: joy, 
sadness, anger, fear, surprise, and love.
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but generally positive associations, suggesting that careful 
tuning of these architectural factors can further enhance 
performance depending on the emotion being detected.

DISCUSSION
	 This study evaluated the performance of 15 transformer 
models for emotion classification and analyzed how specific 
architectural and pretraining factors influence evaluation 
metrics. Most models achieved strong classification 
performance, with RoBERTa-base being the top performer 
across all metrics, followed by ALBERT-base-v2 and BERT-
base-cased. Notably, lighter models, such as DistilBERT-
base-uncased and MiniLM, also achieved high performance, 
suggesting that efficient models can still provide high accuracy 
for emotion classification tasks. These findings are consistent 
with previous research; RoBERTa’s improved pretraining 
objective and dynamic masking strategy have been shown 
to substantially enhance contextual representation, while 
ALBERT’s parameter sharing enables efficiency without 
sacrificing accuracy (17, 21). Similarly, DistilBERT and MiniLM 
have demonstrated that compressed architectures retain 
strong downstream performance, supporting the observation 
that smaller models can effectively capture emotion-laden 
linguistic cues (18, 23).
	 Our findings partially support the initial hypothesis. 
Specifically, the number of attention heads had a moderate 
and statistically significant positive correlation with evaluation 
metrics, indicating that an increased number of heads improves 
the model’s ability to capture complex relationships within 
language. This observation aligns with the original transformer 
architecture, which emphasized multi-head attention as a 
mechanism to capture diverse linguistic dependencies (30). 
Later work has shown that while not all attention heads are 
equally useful, additional heads can contribute to nuanced 
contextualization (31,32). In contrast, the number of layers 
exhibited a strong and statistically significant negative 
correlation with performance metrics. Prior studies have 
suggested that deeper models often require larger datasets 

and careful optimization to realize performance gains, which 
may explain why layer depth in this study corresponded with 
overfitting or optimization challenges rather than improved 
generalization (33,34). Other factors, including total number of 
parameters, hidden size, feed-forward dimension, pretraining 
corpus size, and vocabulary size, did not show statistically 
significant correlations, echoing findings that architectural 
scaling does not always yield proportional benefits for 
downstream emotion recognition (35).
	 The emotion-specific analysis further contextualizes these 
results. Attention heads consistently provided a strong positive 
influence across all emotions, with the effect most pronounced 
for love, anger, and fear. Conversely, the negative association 
with layer depth was evident across all emotions, suggesting 
that deeper models may struggle with generalization when 
tasked with highly subjective and context-sensitive categories. 
The moderate contributions of parameters, hidden size, 
and FFN dimension also reflect earlier findings that model 
complexity interacts differently across emotion categories, 
with certain classes, such as surprise or love, showing greater 
sensitivity to representational capacity. Interestingly, corpus 
size showed emotion-dependent patterns, weakly negative 
for most categories but weakly positive for love, suggesting 
that certain emotions may benefit from broader exposure, 
while others require focused domain adaptation, in line with 
research on domain sensitivity in pretrained language models 
(36).
	 Several hypotheses may explain why NLP models 
performed differently despite the similarity of their architectures. 
RoBERTa and ALBERT variants’ outperformance of other 
models can be attributed to differences in pretraining 
objectives, tokenization strategies, and layer normalization 
techniques, all of which enhance contextual representation of 
emotion-laden text (17, 21). The relatively poor performance of 
MobileBERT may reflect its optimization for mobile efficiency 
rather than maximum contextual understanding, resulting in 
a trade-off between speed and nuanced representation (22). 
Variability among other models may also be influenced by 

Figure 2: Overall metrics correlations. Pearson correlation coefficients (r) between various architectural and training-related factors 
(Number of Parameters in Millions, Number of Layers, Pretraining Corpus Size, Vocabulary Size, Hidden Size, and Number of Attention 
Heads, and Feed-Forward Network Dimension Size) and overall model performance metrics: (A) F1-score, (B) Precision, and (C) Recall ). 
Each model was trained for three epochs. The height of each bar indicates the strength and direction of the linear relationship, offering insights 
into which factors positively or negatively influence general model effectiveness. * indicates p <0.05, Pearson Product-Moment Correlation.
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pretraining corpora and tokenization methods, as WordPiece 
and Byte-Pair Encoding represent linguistic variation 
differently, affecting generalization across subtle emotional 
expressions (37,38). 
	 Several limitations may have influenced these results. This 
study was conducted on a single dataset, which may restrict 
generalizability, and the architectural factors tested may not 
fully capture all design choices that influence evaluation 
metrics. Additionally, correlations observed may reflect 
dataset-specific optimization challenges rather than inherent 
limitations of deeper models, as prior scaling-law research 
suggests larger models often underperform when trained on 
limited data (33).

	 Despite these limitations, the results offer actionable 
insights for AI-driven personalized bibliotherapy. High-
performing models, such as RoBERTa-base and ALBERT-
base-v2, were incorporated into a publicly available 
bibliotherapy application, enabling real-time analysis of 
user text inputs to detect emotional states and provide 
targeted reading recommendations (39). By identifying which 
architectural features, such as attention heads, improve 
model sensitivity to emotional content, developers can 
optimize NLP pipelines for both efficiency and accuracy. 
Moreover, these findings caution against assuming that 
larger or deeper models will always improve performance, 
underscoring the importance of designing computationally 

Figure 3: Emotion-specific correlations. Pearson correlation coefficients (r) between architectural and training factors (Number of 
Parameters in Millions, Number of Layers, Feed-Forward Network Dimension Size, Pretraining Corpus Size, Vocabulary Size, Hidden Size, 
and Number of Attention Heads) and emotion-specific model F1-scores. Each model was trained for 3 epochs. The chart includes the emotion 
categories sadness (a), joy (b), anger (c), fear (d), love (e), and surprise (f). * denotes p < 0.05, Pearson Product-Moment Correlation. 
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efficient architectures for therapeutic applications.
	 Future research should replicate these findings across 
larger and more diverse emotion datasets to assess 
generalizability. Studies could further explore why layer depth 
negatively correlated with performance, investigating whether 
alternative regularization, initialization, or architectural 
modifications mitigate this effect. Practical experiments 
incorporating top-performing models into bibliotherapy 
systems could also evaluate real-world clinical outcomes. 
Additionally, hybrid or multimodal architectures that 
integrate complementary data types may enhance emotion 
classification. Comparative studies that evaluate different 
pretraining strategies on emotion-rich, user-generated text 
will be essential for contextualizing these findings within the 
broader NLP field.

MATERIALS AND METHODS
	 A fine-tuning pipeline was implemented using the 
Hugging Face Transformers library (40). A broad range of 15 
pretrained transformer models were evaluated on emotion 
classification (Table 1). The dataset used in this task was the 
“dair-ai/emotion” dataset (41). The dataset contains 20,000 
text samples with six emotions: sadness, joy, love, anger, 
fear, and surprise (Table 2). The dataset was pre-divided 
into three sets - training, validation, and testing following an 
80/10/10 split. 
	 The input to each model was the raw text from the dataset, 
which was processed into numerical format using model-
specific tokenizers (Table 3). The tokenizer first breaks the 
text into subword units called tokens, then converts these into 
numerical IDs. To ensure a uniform input size for the models, 
we used a maximum sequence length of 128 tokens, applying 
truncation to cut off longer texts and padding to add special 
tokens to shorter texts. The DataCollatorWithPadding class 
was used to batch the inputs during training, which pads the 
samples in each batch to the longest sequence length within 
that batch.
	 Each model was fine-tuned for three epochs using the 
Hugging Face Trainer API (42). A learning rate of 2 * 10^-5 
was used, a standard value for fine-tuning transformer models 
to ensure the model’s weights were updated appropriately. A 
per-device training batch size of 16 and per-device evaluation 
batch size of 16 were chosen to balance memory usage and 
training efficiency. A weight decay of 0.01 was applied to the 
AdamW optimizer to act as a form of regulation to penalize 
large weights and prevent overfitting. To simulate a larger 
batch size, gradient accumulation step of two was used, which 
means the gradients were accumulated over two batches 
before an optimization step was performed. An early stopping 
callback with a patience of two was implemented. This 
technique monitors the model’s performance on the validation 
set every 500 steps. If the validation performance does not 
improve for two consecutive evaluation steps, the training 
process is stopped to save time and prevent overfitting. Fp16 
was enabled and 16-bit floating-point was used to speed 
up training and reduce memory usage. Checkpoints were 
saved every 500 steps, and the best model was automatically 
loaded at the end of training based on validation F1 score.
	 Model performance was evaluated on the test set using 
several standard metrics for classification tasks. Accuracy, 
precision, recall, and F1-score were used as evaluation 
metrics. In this study, a positive prediction refers to the model 

selecting one of the six emotion labels - joy, sadness, anger, 
fear, surprise, or love - as the predicted class for an input 
text. Precision, therefore, measures how often the model’s 
predicted emotion label matches the true label. Recall 
measures how many excerpts belonging to a given emotion 
the model successfully identifies. Because the task is multi-
class classification, one positive prediction is made per text 
input, allowing us to compute per-class precision, recall, and 
F1-scores in addition to overall weighted averages. Variable 
names used in analysis (e.g., f1_score, precision, recall, 
Params_M, Hidden_Size) correspond directly to the metrics 
and architectural factors defined in the Results section.
	 These overall metrics were computed and a generated 
per-class classification report to analyze performance on 
each individual emotion label. All experiments and statistical 
analysis were conducted using Python 3.12.3 (43). Key 
libraries used include Hugging Face Transformers and 
Datasets, Scikit-learn, Pandas, NumPy, and PyTorch (44-49). 
The code and scripts used for experiments and analyses in 
this study are available at the following GitHub repository: 
https://github.com/PranshDalal/EvaluatingModels/tree/main. 
This repository includes the model training script and results 
referenced in the manuscript.
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