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This study explores the advanced abilities of Natural Language Processing (NLP) methods

NOISIAI

to revolutionize mental health treatment by understanding how such interventions

improve therapeutic outcomes. In doing so, the work of this study is demonstrated as an
innovative approach to translating conversational data into actionable insights that bridge a large
gap in the detection of subtle emotional cues in mental health assessments. The research used
DistiIBERT, an optimized version of the BERT framework, which has been fine-tuned on
specially selected datasets to accurately identify emotional states such as sadness, joy, anger, and
fear. Emotional and linguistic patterns were analyzed to identify often unarticulated signals to
identify disorders such as depression, anxiety, and Post-Traumatic Stress Disorder (PTSD)
much earlier. In this regard, the model has been found to significantly enhance the
understanding of patients' emotional states more accurately and subtly than through traditional
means. The findings of this study highlight the potential of offering individualized therapeutic
interventions within digital health applications, which enables immediate emotional well-being
assessments. The study showcases the flexibility of Al-based systems, making them applicable
to almost any environment, including a workplace setting, to promote both wellness and
productivity. This study sets the ground for developing scalable, customized, and proactive
mental health care strategies that are beyond conventional therapeutic frameworks.
Keywords. Natural Language Processing, Mental Health Analysis, Digital Intelligence, Emotion
Detection, Harnessmg Language Intelhlg!hnce
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Introduction.

Mental health disorders, including depression, anxiety, and PTSD, significantly affect
both individuals and economies globally [1], thereby requiring the development of innovative
and effective management strategies. Conventional therapeutic methods frequently depend on
verbal interactions and self-reported symptoms, which may inadequately reflect the emotional
intricacies and complexities inherent in an individual’s mental condition. This is the most recent
breakthrough of NLP which has revealed an unparalleled viewpoint of exploring therapeutic
dialogues [2] and opens up to the linguistic as well as emotional patterns underneath mental
illnesses.

Current research into sentiment and emotion analysis has revealed underlying states of
emotions like sadness or frustration without ever being explicitly described. In light of this, much
ground still needs to be covered before these can be applied to personalized mental health
programs. Another advanced NLP model that has demonstrated high accuracy in text testing is
BERT, with its distilled version, DistilBERT, also proving effective for these applications [3].

This research undertakes a systematic approach to addressing the problem identified
above. First, therapeutic conversations are collected and preprocessed to create datasets. Then,
DistiIBERT is fine-tuned to detect and analyze emotions and sentiments and pay special
attention to subtle emotional indicators often overlooked by traditional approaches. Finally, the
findings are analyzed in terms of implications for mental health care and potential integration
into digital health platforms for real-time assessments.

The purpose of this research study is to develop an Artificial Intelligence (AI) based tool
that can efficiently analyze therapeutic dialogues for the early detection of mental health
disorders, thus improving therapeutic interventions. Originality in this research arises from its
capacity to decode and interpret hidden emotional signals using advanced NLP models. It fills
gaps in mental health services and provides adaptive solutions in different settings.

Research Obijectives.

. To fine-tune and apply the DistilBERT model for emotion and sentiment detection.

. It implements and adapts the DistiIBERT model for identifying emotional and sentiment
patterns in patient-therapist conversations in more nuanced ways toward early detection of
mental health disorders like depression, anxiety, and PTSD.

. To analyze emotional and linguistic patterns in therapeutic conversations.

° The research is tailored to determine, through patient-therapist dialogues, the often
unconscious emotional and linguistic signs of a conversation, even if that topic is unknown or
masked, say sadness or frustration.

. To improve personalized therapeutic interventions using Al-driven insights.

. Another key goal is to leverage Al-generated emotional insights to create personalized
therapeutic interventions, which can be integrated into digital health platforms for real-time
mental health assessments.

o To measure the effectiveness of emotion recognition in enhancing ratings of mental
health.

This study focuses on improving the overall efficiency of the NLP-driven methodology
by accuracy, precision, and recall measurement in a model's quality assessment.

Novelty of Study.

The research highlights scalability and easy applicability on digital health platforms,
showing it can create change by offering tailored and predictive mental care interventions. In
contrast, traditional solutions rely more on direct verbal responses and subjective self-
evaluations. This research instead uses sentiment and emotion analysis to detect subtle
emotional cues that are often ignored. The research achieves high accuracy in the identification
of complex emotions, such as sadness, anger, fear, and joy, by the fine-tuning of DistilIBERT
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with a focused dataset. This approach not only gives a deeper insight into the interaction of
emotions in a therapeutic setup but also aids in an initial diagnosis of mental health conditions
like depression and anxiety.

Literature Review.

NLP and mental health research have been a growing interest in recent years due to their
potential to revolutionize the methods of therapy and, therefore, patient care. This literature
review discusses the emerging framework of NLP applications in mental healthcare with special
emphasis on sentiment analysis, emotion detection, and the ethics involved in these
technologies. Pruksachatkun et al. (2020) [4] studied intermediate-task transfer learning in NLP
that could be useful for applications specific to mental health. Advancements in transformer
models, including BERT and its more lightweight variant DistiiBERT, have dramatically
improved the recognition of emotional signals within text-based information. Kulkarni et al.
(2024) [5] demonstrated the utility of leveraging pre-trained embedding for clinical feature
extraction from health records, with implications on possibilities opened up by fine-tuning
methods in health contexts.

NLP is an important area of artificial intelligence that allows computers to interact with
human language in complex and context-sensitive ways. Althoff et al. (2019) [6] showed the
feasibility of NLP in analyzing large-scale counseling conversations, thereby proving its utility
for therapeutic purposes. The applications of NLP include domains like text and speech
recognition, language translation, and sentiment analysis. Islam et al. (2024) [7] used machine
learning algorithms to build predictive models for mental health disorders but acknowledged
that more detailed emotional analysis is required. From mental health fields, NLP permits the
opportunity to analyze patterns of human expression and emotionally charged conditions,
offering an in-depth understanding of thinking models and behavior patterns.

Sentiment analysis falls under the NLP foundations, which include extracting emotional
cues derived from text or speech input. By examining linguistic cues, sentiment analysis
algorithms can draw out emotional valence or intensity, revealing underlying psychological
states. Most recently, researchers have applied sentiment analysis in detecting Depression and
Anxiety through social network posts and online therapy consultations, thus helping in early
treatments. This potential sentimental analysis technique enhances therapeutic methods since it
provides clinicians with in-the-moment, fact-based viewpoints of the client's affective state over
the therapy process. Abubakar et al. (2024) [8] leveraged reinforcement learning to engineer
sophisticated chatbots that enable the imitation of therapeutic dialogues and make mental health
support scalable.

Delgado-Contreras et al. (2024) [9] conducted a systematic review covering 609 studies
on emotion recognition and sentiment analysis and thus supports the use of multimodal
approaches that combine text, speech, and physiological data to improve the accuracy of
emotion detection. Further developing NLP applications in mental health, Khoo et al. (2024)
[10] discussed machine learning for multimodal mental health detection by reviewing passive
sensing approaches, which combine data from various sources, including speech and facial
expressions, to provide a more holistic understanding of a patient's emotional well-being.

The concept of "Language Intelligence" involves a more nuanced appreciation of
cultural context and emotional subtext. It is for these reasons that a balanced approach is crucial
in the realm of mental health; for knowing how to decipher subtle intent can mean all the
difference between a productive or pointless therapy. While Al applications in healthcare have
been improved significantly in physical healthcare, applications in mental health remain virtually
unexplored (Khera et al., 2024) [11]. The ethical dilemmas that arise with data curation in the
application of artificial intelligence to mental health, as investigated by Andrews et al. (2024)
[12], underpin the need for implementing proper data protection measures. In light of this
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perspective, an Advanced NLP model might help therapy by allowing a therapist to uncover
inner feelings, thereby ensuring a highly specific intervention for a particular patient.

Ethical concerns are highly influential in this changing context. Privacy issues regarding
the use of sensitive personal information, such as therapy transcripts, underscore the need for a
comprehensive data protection approach. Mobile application-based interventions were effective
at reducing the risk of depression by Deady et al. (2022) [13], however, the long-term
effectiveness was still unknown. D’Alfonso (2020) [14] also underscored the importance of
ethical frameworks, noting that while Al tools like NLP can enhance therapeutic interventions,
they must prioritize patient privacy and confidentiality.

The use of pre-trained models and advanced techniques in NLP is still becoming better.
This work, by Liu et al. (2022) [15], on the relationship between text sentiment and self-reported
depression, explains the capability of sentiment analysis in grasping mental health conditions.
The systematic review by Lin et al., 2021, [16] shows that with the involvement of physiological
signals and other NLP techniques, earlier detection of mental disorders is possible. Kleinberg et
al. (2020) [17] explored emotions during the COVID-19 pandemic, which highlights the ability
of NLP to extract important emotional responses using real-world datasets.

Cheung et al. (2021) [18] illustrated in detail how expressive writing on emotional issues
can enhance well-being, highlighting the potential of emotion-focused interventions. Models
such as DistiIBERT, based on the knowledge distillation techniques described by Chen et al.
(2019), [19] make the practical application of efficient, real-time emotion detection in therapeutic
environments possible. Utilizing sentiment analysis and linguistic intelligence, therapists can
achieve a better understanding of patient experiences and tailor interventions to meet specific
individual needs.

The large amount of contemporary research summarized in the SLR table relates to the
years 2019-2024 concerning the use of AL, NLP, and Machine Learning (ML) for the analysis of
mental health. This study covered different aspects of mental health technology, like predictive
analytics, conversational Al, and multimodal data processing which are shown in Table 1.

Table 1. SLR of Language Intelligence and Sustainable Mental Health Interventions in the

Digital Age
Author(s) Year | Study Focus Methodology | Findings Limitations
Enhanced Does not
Extracting mental | Pre-trained acz,lratciz n Z(i(liress real-
Kulkarni D. health features | NLP models, cxtracting ‘.
2024 ) : . clinical emotion
et al. using pre-trained | triplet loss . .
embeddin fine_tunin features detection in
&8 s from health | therapy
records settings
) ) Lacks
Reinforcemen | Intelligent :
. ) emotion
Conversational ‘ learning | conversation detection
Abubakar chatbot al Al can .
2024 | AI for mental | . . capabilities
A.M. et al. implementatio | enhance .
health therapy . crucial  for
n for mental | therapeutic
. ) nuanced
health interventions
therapy
Machine Early Focuses on
.. learning detection of | predictive
Predictive . .
Islam M.M. . algorithms mental analytics, less
2024 | analytics models .
et al. ) and data | health on sentiment
for mental illness ) . )
analytics disorders or emotional
models through cues

Dec 2024 | Vol 06 | Issue 04

Page | 2030



International Journal of Innovations in Science & Technology

predictive
modeling
Emotion Advances in
Garcia- recognition multimodal | Inconsistent
Hernandez | 2024 | affective Sysjcematlc approaches | integration
RA. et al moutin review for of newer Al
o ) ESnti};l entg;nalysis sentiment techniques
analysis
Neural
A systematic | networks Data
Multimodal review of | shown variability
;(lhoo L.S. et 2024 | mental health | passive effective in | affects
) detection sensing processing generalizabili
approaches multimodal | ty
data
Emphasized | Practical
Ethical Review of | the need for | implementati
Andrews J. et 2024 considerations for | ethical robust data | on of ethical
al. responsible data | frameworks protection in | frameworks
curation for Al mental remains
health Al challenging
. Identified | L0¢ datasct
Measuring Analvsis  of | ke is limited to
Kleinberg B. 2020 emotions in ceal Y Ad rg donal specific
et al. COVID-19- et | oo | contexts
related concerns | 0T S CTO R 07| (COVID-19
pandemic)
App-based
Deady M. et Depress}on . Randomized | terventions Limited to
2022 | prevention via a . . | reduce short-term
al. controlled trial .
smartphone app depression efficacy
risk
Improved
Emotion well-being Focused on a
Cheung R.Y. . .| Experimental | through specific
2021 | regulation in ;
et al. . i, study emotion cultural
expressive writing :
regulation group
techniques
Correlation
found Subiecti
Text  sentiment | Analysis  of | between text nut ]fc Ve ¢
LiuT.etal. | 2022 | and self-reported | text message | sentiment sc?l fl_l rz orte(():l
depression sentiment and p
. data
depression
levels
Al  in  mental | Review of Al lecl dintools, Ethical
D’Alfonso S. | 2020 | health methods  for | [+ & | consideratio
interventions mental health ’ At s
enhance
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therapeutic underexplor
outcomes ed
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Al  for  stress Potential for Phys1olog1cal
management via | Systematic Al to aid in signals  may
Lin Q. etal. | 2021 5t . miss broader
physiological review early  stress
signals detection B
g health
indicators
Identified Primarily
Al's  role in tential focused —on
Khera R. et S To State-of-the- | POtSMHA physical
2024 | cardiovascular . applications
al. art review . | health, less
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health
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Pruksachatk 2020 Transfer learning task  transfer under which p lication
un Y. et al. for NLP as o ste transfer applications
learning . . | to mental
learning  is
) health
effective
Distilling Enhanced Not directly
Chen Y.-C Knowledge knowledve for model linked to
ot al " 771 2019 | distillation in . (zwe 8e 1o efficiency mental
‘ BERT ot with minimal | health
generation . )
accuracy loss | interventions
Demonstrate
NLP applied | d the | Older
Althoff T. et Analysls. of | to large—scale potential of studles' with
al 2019 | counseling counseling NLP to | potentially
) conversations conversation | analyze outdated
datasets therapeutic | techniques
effectiveness
Enhanced Does not
Extracting mental | Pre-trained Zyczi:arjt(iz n Z(I:feress real-
Kulkarni D. health features | NLP models, .. & .
2024 ) : . clinical emotion
et al. using pre-trained | triplet loss . .
mbeddi fine_tuni features detection in
crmbeadings ne-tuning from health | therapy
records settings
Material and Methods.

DistilBERT is a streamlined and efficient version of the original BERT (Bidirectional
Encoder Representations from Transformers) model, designed to optimize performance for
natural language understanding tasks while significantly reducing computational requirements.
The "uncased" variation treats uppercase and lowercase letters as identical, eliminating case
sensitivity and focusing instead on the contextual and semantic relationships within the text. The
DistilBERT model documentation can be accessed here.

The figure 1 depicts a comprehensive data processing pipeline, covering data collection,
preprocessing, feature engineering, model selection, training, evaluation, and deployment. It
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outlines key steps involved in transforming raw data into actionable insights, including data
normalization, dimensionality reduction, and performance threshold analysis. The structured
overview of the data science workflow is shown in Figure 1.
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Figure 1. Workflow for Harnessing Language Intelligence in Sustainable Mental Health
Interventions

Model Description.

Distil-BERT stands as a revolutionary approach to crafting efficient and compact
language models, circumventing the constraints imposed by resource-intensive and bulky
models. This innovation hinges on employing "distillation" during the pre-training phase, akin
to equipping a student with a condensed masterclass which is shown in Figure 2. This fosters
efficient knowledge transfer, further bolstered by a unique "triple loss" function, analogous to
incorporating secret spices into a recipe. This function empowers the smaller model to glean
deeper insights from its larger counterpart, culminating in enhanced understanding and
performance. Distil-BERT achieves a striking 40% reduction in size and boasts a 60%
improvement in processing speed, while remarkably preserving over 95% accuracy on language
understanding benchmarks compared to the original model. This efficiency allows the potential
of greater Al deployment in resource-intensive environments, hence making it easily integrated
into smartwatches, smartphones, etc. Wolf et al. (2020) [20] highlighted the capabilities of
transformer models in the domain of natural language understanding. In short words, Distil-
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BERT represents a tremendous leap in language modeling, a more compact, faster, and easier-
to-use model with state-of-the-art performance, paving the way for further incorporation of Al
across all different types of computing platforms and applications.

Distillation loss. The training model was set to generate probabilities similar to the BERT base
model.

Masked Language Modeling (MLM). This is a subset of the training loss related to
the BERT base. At training time, after the input sentence is generated, it systematically masks
out 15% of words in the input and then uses the complete masked sentence on the model to
predict the words that it masked out. This is in contrast with the traditional RNNSs, as well as
autoregressive models like GPT, which hides future tokens and processes words one after
another. It allows the model to develop a bidirectional representation of the sentence.

Cosine embedding loss. The model was further trained so that it could produce hidden states
that closely resemble those from the BERT base model. In this manner, the model develops an
internal representation of the English language similar to that of its teacher model, but with
enhanced speed in inference and downstream applications.

pre-trained DistlBERT 'OUTPUT
tokenizer Encoder Neuron(s)

l input sentence

Sentence
Encoded
Representation

Sentence
Tokenized
Versions
Figure 2. DistiIBERT Architecture for Harnessing Language Intelligence in Sustainable
Mental Health Interventions [21]
Data Collection.

The current study chooses a dataset of patient-therapist conversations on Mental Health,
taken from the Kaggle site. This is one of the top resources that have a large number of datasets.
This dataset has two columns, namely Context and Response. This consists of de-identified
transcripts and text records collected from various therapy settings. Thus, there will be a full
representation of mental health dialogues. The data were gathered strictly by Kaggle's terms of
use and ethical requirements. More overt consent procedures were implemented to protect the
participant's privacy and confidentiality concerning the dialogues exchanged. The Kaggle
datasets, known to have natural variability and richness in conversational data, provide good
grounds for exploring the subtleties in language in the therapeutic context of assessing mental
health through applications of advanced natural language processing techniques and linguistic
intelligence.

Data Preprocessing.

Data cleaning procedure represents a fundamental preparatory stage in our efforts to exploit the
empowering nature of language within mental health research. It removes all extraneous
information and allows the use of a standard framework through which innovative findings that
are bound to change our very way of understanding and approaching mental health can emerge.
Thus, every elegantly structured phrase and carefully crafted sentence brings us closer to the day
when language becomes the fundamental tool for gaining a deeper understanding of the human
psyche. Exploratory Data Analysis.

In the exploratory data analysis, we examined the patient-therapist dialogue dataset with
an emphasis on the required attributes of the textual material. Calculating the mean and mode
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vocabulary sizes in both the Context and Response columns provided insights into the average
linguistic richness. The distribution of conversation lengths was visualized through histograms,
revealing a predominant range in both columns. A scatter plot of vocabulary sizes showcased
the dispersion of linguistic features, aiding in the identification of potential patterns which are
shown in Figure 2. Notably, outliers were scrutinized to understand instances of exceptional
linguistic characteristics. These preliminary findings guide our subsequent NLP analyses,
forming a foundational understanding for more in-depth investigations into the nuances of

mental health expressions within the patient-therapist conversation context.
Distribution of Sentiment Labels in Response

2500

2000 +

1500

Count

1000

T
positive negative neutral
Senfiment | ahel

Figure 3. Graph of Distribution of sentiment labels in responses
Figure 3 displays the distribution of sentiment labels in the category Response. The blue
bar on the left shows that the number of positive sentiment labels is dramatically higher than
that of negative sentiment labels-the blue bar in the middle shows. The blue bar, which is farthest
on the right, shows neutral sentiment label frequency that is, much lower compared to the

frequencies of the positive and negative sentiment label frequencies.
Distribution of Sentiment Labels in Context
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Figure 4. Graph of Distribution of sentiment label in Context
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Figure 4 represents the frequency of sentiment labels found in the Context category. The
left blue bar represents the number of negative sentiment labels, which is noticeably higher than
the number of neutral sentiment labels shown by the blue bar in the middle. In contrast, the
number of positive sentiment labels, indicated by the blue bar on the far right, is lower than

both the negative and neutral sentiment labels.
Total Word Count in Response and Context
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200000
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Figure 5. Graph of Word count in response and context
The graph (Figure 5) is divided into two categories. Response and Context which are
shown in Figure 5. The left-hand side of the blue bar is much higher because it is the total
number of words about Response, while the small green one on the right represents the total
number of words for the Context.

Scatter Plot: Word Count in Response Scatter Plot: Word Count in Context
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Figure 6. Scatter plot of Word count in response and context
1. The scatter plots compare the word counts of items in the dataset.
2. The left-hand plot is a distribution of word counts in the response. Most rows are less
than 200 words, so the responses were overall shorter.
3. The proper plot displays the count in terms of words. More rows are less than 100 words,
indicating short text in the context which is shown in Figure 0.
4. These findings depict how brief responses and contexts in the dataset have been.
Training of Model.

The distiIBERT model has been utilized and further fine-tuned using the emotion
dataset from Hugging Face. This fine-tuning allows the model to conduct wide-ranging
sentiment analysis, yielding an output having the emotion score along with the related labels as

sad, happy, love, joy, anger, fear, and surprise. Hyper-parameters used for training were.
1. Batch size = 64
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2. Learning rate = 2e-5
3. Weight decay = 0.1
4. Epoch =8
The training results are presented in the table 2.
Table 2. Training Results
Epoch Training Loss Validation Loss  Accuracy  Fl-score

1 No log 0.199009 0.931500 0.931880
2 0.117600 0.176432 0.936000 0.935400
3 0.117600 0.167419 0.939500 0.939280
4 0.075900 0.173544 0.935500 0.934821
5 0.075900 0.194095 0.931000 0.931460
6 0.043900 0.219983 0.932000 0.932384
7 0.043900 0.230020 0.934500 0.934556
8 0.023900 0.235640 0.937000 0.936711

Table 2 describes the training statistics of the model per epoch. The model was trained
within 8 epochs. After completion of the model training, we evaluated to measure accuracy,
precision, recall, and F1 score [22] based on ground truth and model prediction.
Mathematical Formulas.

Metrics such as precision, recall, and Fl-score provide a very rich view of model
performance (Powers, 2020) [22].

F1 Score. It balances between precision and recall. The formula is.

F1= 2X((PrecisionXRecall)) /((Precision+Recall))
Precision. The number of true positive predictions out of the total number of predicted
positives.
Precision= (True Positives)/ ((True Positives+False Positives))
Recall. The ratio of all correctly predicted positive observations to all observed in the actual
class.
Recall= (True Positives)/ ((True Positives+False Negatives))
Table 3. Performance of the Proposed Model

Accuracy.0.9395

Classification Report Precision Recall Fl-score Support
Sadness 0.95 0.98 0.96 550
Joy 0.95 0.96 0.95 704
Love 0.90 0.85 0.88 178
Anger 0.97 0.93 0.95 275
Fear 0.92 0.87 0.89 212
surprise 0.83 0.90 0.86 81
Accuracy 0.94 2000
Macro avg 0.92 0.92 0.92 2000
Weighted avg 0.94 0.94 0.94 2000

In Table 3, the classification report of the model with some significant performance
indicators such as precision, recall, F1-score, and accuracy of all the classes, thus giving an
accurate summary of the model's ability to make precise predictions.

Confusion Matrix.
Table 4. Confusion Matrix of the Proposed Model
Sadness 538 1 1 6 4 0
Joy 6 675 16 0 4 3
Love 1 25 152 0 0 0
anger 9 3 0 256 7 0
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Fear 12 1 0 2 185 12
surprise 1 5 0 0 2 73

Table 4 provides the confusion matrix generated by the model using test data,
representing classification performance in the form of true positives, false positives, true
negatives, and false negatives for each class. This provided rich information about model
accuracy patterns as well as its error patterns.

Result and Discussion.

Based on our model and analysis of the mental health dataset analysis revealed the
presence of emotions such as sadness, anger, joy, and fear in both the user queries and
psychologist responses. The common emotion in context was sadness while the prominent
emotion in response was anger. We also illustrated the most commonly used words within the
context and response through count plot and word cloud. There was also a heat map indicating
a common correlation between emotion in context and emotion in response. Which are shown
in Figures 3, 4, 5, and 6.

Emotion Distribution In Context

sadness joy fear anger surprise love
Emotion

Figure 7. Graph of frequency of each emotion within the context response
Figure 7 illustrates how various emotions are spread within the Context collection. There are a
few important trends here.
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400
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° Most frequent of all is grief with over 1,200 occurrences in the Context.

. Pleasure accounts for the second highest of around 800 instances.

o Fear also features suspiciously high rates of over 600 cases.

o Anger is an emotion, though it is not felt by people as often as they do with sadness and
happiness.

o Surprise and love seem to appear less, surprise only around 20, and love only around 2-
3 times.

The graph (figure 7) analyzes the emotional dimensions contained in the Context data
and finds a model for negative emotions with themes related to sadness and fear. It claims,
however, that there are positive emotions associated with happiness that exist but are of lesser
importance. Using this comparative structure, these emotions can be viewed as mood indicators
related to an individual's mood in addition to themes from the Context data.
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Emotion Distribution in Response
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Figure 8. Graph of frequency of each emotion within the response
Figure 8 shows the number of various emotions represented in the Response data. The
vertical axis is the frequency or count for each emotion, while the horizontal axis counts the
unique emotions. A few important observations.
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° Anger is the most common emotion, which finds more than 1,200 expressions in the
Response dataset.

. The second is sorrow, which happens about 1,000 times.

. Happiness occurs less often than anger and sadness but is more common with an
incidence rate of about 400.

o The least frequently occurring emotions are fear and surprise with around 300 instances
of fear and around 70 instances of surprise.

o Love is the least frequent term with occurrences as few as 10-15 times in the Response
data.

This graph gives a clear picture of the relative strength and distribution of different
emotions expressed in the Response section of the data. It shows that negative emotions, like
anger and sadness, dominate, but at the same time, it also suggests the presence of more positive

emotions, such as joy, though to a lesser degree.
Top 10 Words in Emotion Context and Response
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Figure 9. Graph of Top 10 Words in Emotion Context and Response
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Figure 9 shows the top 10 words in the Emotion Context and Response categories which
are shown in Figure 9. The words that appear most often in both categories are "feel",
"relationship", "know", "want", and "feeling". The frequency of these words is shown as the
length of the horizontal bars. The longest is "feel".

Several important observations.

° The headwords are mostly the vocabulary of emotions, relations, and mind, which points
out that the data is centered around emotional and interrelation matters.

o Such occurrences of these words are usually more frequent in the Response category
than in the Context category, as they are more common in the responses.

o The two terms that appear the least are "will" and "way," but they still have a strong
presence in the data set. This graph, then, sums up to telling the reader the key language and
theme present in the data being explored through Emotion analysis.

Emotion Heatmap: Context vs Response
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Figure 10. Heat map of emotion label within the dataset
This "Emotion Heatmap" shown in Figure 10, the intensity levels of different emotions
expressed in the Context and Response datasets, comparing them against each other. Here is a
concise overview of what the heatmap presents.
The vertical axis is comprised of enumerations of various categories, including anger, fear, joy,
love, sadness, and surprise. The horizontal axis shows the information about Context (left) and

Response (right).
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Dataset.
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The image is a representation of the very wide vocabulary and phrases that include
therapy-related data in the dataset, mental health factors, emotions, and interactions between
people which are shown in Figure 11. It does seem to be a picture that is full of movement and

energy as it puts forward common themes and problems that could come up during therapy.
Distribution of Sentiment Scores in Context

350

%]

1%}

(=]
1

Frequency
[p¥]
=)
[=]
1

150

100 A

—-1.00 —0.75 —0.50 —0.25 0.00 0.25 0.50 0.75 1.00
Sentiment Score

Figure 12. Graph of Distribution of Sentiment Score in Context
Figure 12 depicts the distribution of sentiment scores in the Context category. The data
points spread over a range of sentiment scores with the highest density around the neutral score
of 0.00. Scores spread out from strongly negative at about -1.00 to strongly positive at about

1.00, showing the diverse range of sentiments expressed in the Context.
Distribution of Sentiment Scores in Response

1400 A

1200 4

1000 A

800 A

Frequency

600

200 A

-1.00  -0.75 -0.50 -0.25 0.00 0.25 0.50 075 1.00
Sentiment Score
Figure 13. Graph of Distribution of Sentiment Score in Response.
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Figure 13 reveals the distribution of sentiment scores categorized in Response. The data
spread over the range of sentiment scores from the strongly negative value close to 1.00 up to
the strongly positive value approaching the value of 1.00. The peak frequency is located near the
neutral score, namely 0.00. Nevertheless, a large quantity of positive sentiment scores larger than
0.50 demonstrates a diversified range of emotions expressed within the Response data.

We used Streamlit to create a demonstration application that would display the predictive
functionalities of the model and its outcomes in a more user-friendly manner which are shown

Emotion Sentiment Analysis

Figure 14. Employing the streamlit for the user interface as prototyping.

This study has significant practical implications for both mental health care and digital
health applications. Advanced NLP methods, such as DistilBERT, enable the early detection of
subtle emotional states such as sadness, joy, anger, and fear that cannot be detected by more
traditional assessment methods. This method, in enabling a better understanding of the
emotional state of patients, can facilitate more individualized and timely therapeutic
interventions.

The integration of Al-driven tools such as DistlBERT among mental health
professionals improves accuracy and efficiency in emotional assessment, making therapists
target their treatments in more precise ways. Improvements may lead to quicker identification
of mental health disorders, including depression, anxiety, and PTSD, thus reducing the time
taken for diagnosis and improving patient outcomes.

From a practical perspective, the study will encourage the development of real-time
emotional assessments through digital health applications, particularly for remote or
underdeveloped areas with limited access to immediate mental health support. An application
of this system can be within workplace wellness programs to facilitate employees toward better
mental health and productivity as well as proactive support towards the employee's emotional
needs.

Ultimately, this study highlights the potential for scaling and spreading more
personalized, proactive, cost-effective mental health strategies moving beyond the traditional
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therapeutic modalities towards more responsive and more digital-first solutions that enhance
value in patient care as well as for wider well-being.
Discussion.

The research demonstrates the potential of using advanced NLP techniques, particularly
the DistilBERT model, to enhance mental health interventions by analyzing patient-therapist
conversations. Through sentiment analysis and emotion detection, the study identified distinct
emotional patterns in conversations, with sadness being a prevalent emotion in patient
expressions, while anger often emerged in therapist responses. This study's results are in
agreement with other research that has proven the role of emotional language in influencing
therapeutic outcomes, particularly by acknowledging and managing negative emotions like
sadness or frustration to result in dramatic improvements in patient development. The ability to
capture these subtle emotional cues in real time can enhance therapy by providing therapists
with concrete insight that can allow them to adapt their approaches to the patient's emotional
state during sessions.

The DistilBERT model exhibits lower computational requirements with a preserved
accuracy level [23] and is therefore directly applicable in digital health systems. By calibrating the
model to a targeted dataset drawn from therapeutic settings, it was possible to uncover subtle
emotions not necessarily verbally expressed. These include latent distress or the repression of
anxiety. Transformer-based architectures like BERT and its variants have emerged to
outperform traditional approaches in identifying context-aware emotions, thereby validating
them for mental health applications [24]. However, the challenge lies in accurately capturing the
slight emotional states in the varied cross-cultural and linguistic environments. Such a
requirement emphasizes the requirement for training datasets with substantial cultural
representations to enhance robustness and generalization by the models [25].

This research represented the prioritization of privacy and ethical considerations,
particularly in the use of sensitive conversational data [26]. The requirement for informed
consent and the use of tight data protection measures to ensure confidentiality was highlighted
[27]. Mental health information is sensitive; therefore, the use of NLP-based tools in clinical
settings requires adherence to ethical standards to ensure patient trust and legal compliance. It
becomes more and more prominent in the landscape of Al applications in healthcare that there
is a need for ethical frameworks in the reconciliation of innovation and concerns of privacy.
Moreover, explainable AI models have been critical for clinical use as they enable clinicians to
understand decisions regarding emotion detection [28], thus inspiring more confidence in Al-
supported therapies.

This study's exploratory data analysis has revealed important insights regarding the
relationships between various emotional states occurring in patient-therapist interactions and
thus has aided in developing more specific strategies for therapy. For example, therapists could
receive immediate emotional feedback resulting from the model's judgment [29], which enables
them to become aware of a moment when a patient is unable to express particular emotions,
such as sadness masked by comedy or anger that is veiling deeper fear. It has been proven that
the use of emotion detection technology in therapeutic settings may enhance the outcome of
treatment as it directly influences the responses and strategies of therapists. The infusion of Al-
derived insights into therapeutic techniques will most significantly transform mental health care
to become more flexible and responsive to the patient's shifting emotional conditions during
therapy sessions.

Although the research contributes to the advancement of our understanding of how
NLP can be used to analyze emotional dynamics in therapys, it also raises considerable challenges
that need to be addressed. Future research should expand the datasets to include a variety of
therapy settings, such as online support groups or telehealth sessions [30], to increase the
applicability of the models across different contexts. Interdisciplinary collaboration is crucial in
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estabhshlng ethical standards for Al use in mental health so that these technologies supplement
the abilities of clinicians and not replace them. This approach is also in line with current
recommendations on the deployment of Al in healthcare, where technology is seen as a tool to
support, rather than supplant, human expertise [31]. It may be an opportunity to advance NLP-
based tools that revolutionize mental health care with the delivery of interventions, making them
more accessible, personalized, and effective.

Conclusion.

The research explores the intersection of NLP and mental health using the Distil-BERT
model, particularly focusing on patient-therapist conversations. Using sentiment analysis and
emotion detection, it identifies mental health patterns. Although the results are quite promising,
the dataset used is biased toward therapeutic interactions and can be quite challenging to capture
different mental health conditions. Privacy and ethical considerations have been the priority.
Exploratory data analysis uncovers some interesting key findings, such as preponderant sadness
in the context and an anger response that is prominent. Tools for visualization help understand
emotional relationships. The work greatly expands mental health analysis with increased
transparency and responsible Al practices to provide tailored interventions in a therapeutic
context.
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