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Mental health education plays a critical role in improving psychological well-being and awareness,
particularly in educational and organizational settings. Evaluating its effectiveness and optimizing the
content delivery can significantly enhance engagement and learning outcomes. Traditional assessment
methods often rely on manual surveys and static analytics, which are limited in personalization and fail
to capture complex behavioral patterns. These approaches lack adaptability and struggle to provide
real-time feedback for content improvement. To address these limitations, this paper proposes a novel
deep learning-based framework called DEEPMIND (Deep Engagement and Effectiveness Prediction
Model Integrating Neural Decisioning). DEEPMIND utilizes recurrent neural networks (RNNs) and
attention mechanisms to analyze learner interaction data and sentiment patterns for assessing
educational effectiveness. The proposed method dynamically evaluates learner responses, behavioral
signals, and content features to recommend personalized content optimizations. By integrating natural
language processing (NLP) and deep feature extraction, DEEPMIND continuously improves content
relevance and user engagement. Experimental results demonstrate that DEEPMIND outperforms
baseline models in accuracy, adaptability, and content enhancement, leading to a 25% increase in
learner retention and a 30% improvement in mental health knowledge acquisition. The model has been
trained and tested using the Sentiment Analysis for Mental Health dataset, which comprises 10,000
labeled samples. It separated the training and testing sets into five groups and utilized an 80:20 ratio.
DEEPMIND has performed significantly better than baseline algorithms in predicting engagement
(91.2%), detecting sentiment (89.4%), and adapting (87.6%).

Povzetek: Raziskava predstavlja globoko-uceci se pristop za vrednotenje in izboljSevanje izobrazevanja
o dusevnem zdravju, ki z analizo vedenja in odzivov udelezencev omogoca bolj prilagojeno, ucinkovito
in vkljucujoce ucenje.

1 Introduction information in t_hes_e a_pproaches [4]. Furthermore,
) ) ] current content distribution systems are not adaptable
_Including mental health education in modemn  enough to meet the needs of various types of learners,
training courses and curriculum aims to promote  \hich js especially problematic in online or hybrid
psychological resilience, emotional intelligence, and  enyironments. Retention and involvement suffer when
self-awareness [1]. Early intervention and long-term  teachers fail to react quickly enough to student input,
well-being _depend on the practical nn_plemen?atlo_n adjusting courses to meet particular needs [5].
and evaluation of mental health education, which is With the help of data-driven analysis and real-
becoming mcree_lsmgly s_|gn|f|cant as_the frequency of  time feedback systems, these problems can now be
mental health issues rises worldwide [2]. Though  petter tackled to recent developments in deep learning
much_ attention has been palc_i, most evaluation [6]. An innovative strategy for mental health
techniques still rely on static assessments or  gqycation is presented by deep learning algorithms,
traditional surveying, neither of which are effective in -\ hich can predict intricate patterns in student
capturing people’s reactions and involvement in the  pepayior, emotion, and participation [7]. Through the
here and now [3]. Less than optimal personalization  analysis of interaction data and dynamic content
and effectiveness follow from a lack of understanding optimization, this research presents a new framework

of how people process and absorb mental health  .511ed DEEPMIND that aims to improve mental
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health education [8]. DEEPMIND offers a
personalized and adaptive learning experience by
leveraging attention layers, NLP, and RNNs.
DEEPMIND uses continuous feedback loops to
identify what works, for whom, and under what
circumstances where teachers can enhance their
materials and delivery strategies [9]. In the long term,
this approach holds significant promise to raise
psychological well-being, student satisfaction, and
educational efficacy [10].

Digital technology and machine intelligence have
advanced significantly, making mental health therapy
more personalized, accessible, and effective.
Increasingly, computer-based treatment systems are
utilizing conversational bots to assist individuals in
modifying their behavior and identifying potential
mental health concerns [31-32]. These clever
cognitive systems assist individuals in coping with
stress, anxiety, and depression by getting them to talk
about their problems and change their behavior.
Smartphone-based intervention and assessment
methods also enable continuous monitoring and
support for individuals, allowing for scalable
interventions [33]. Modern smart assistants not only
help address the issue of unequal access to mental
health care, but they also utilize persuasive
technologies to encourage people to change their
behavior. These changes underscore the importance of
digital tools in developing mental health support
systems that operate in real-time and prioritize the
user's needs. More individuals desire to participate in
mental health treatments and educational models
when these concepts are incorporated. This makes it
possible for modern therapy's scalable, data-driven
strategies to work [34-35].

1.1 Problem statement

Their reliance on fixed assessments, human feedback,
and broad material delivery results in a fairly limited
ability to personalize and react in real-time. These
limitations induce low involvement, poor retention of
knowledge, and ineffective behavior modification.
The suggested model desperately need a sophisticated,
strong system that can track user learning and
instantly change material in response to their emotions
and behavior.

1.2 Motivation

Given the rising prevalence of mental health issues,
early intervention and awareness-raising education, in
particular, is absolutely vital. Sadly, generic, one-size-
fits-all solutions usually fail to interest different types
of students. Deep learning enables access to
customized, adaptable learning approaches. A
dynamic framework that incorporates real-time user
data for evaluation and content development helps
improve mental health learning outcomes and long-
term behavioral impact.
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1.3 Contributions

The major contributions are;

e  Our novel model, DEEPMIND, evaluates the
effectiveness of mental health education by
using deep learning by means of user
interactions and replies.

e DEEPMIND constantly changes and
improves the learning materials based on
every user's behavior and emotions to
maximize their effectiveness.

e DEEPMIND enhances learning,
memorization, and involvement, compared to
other strategies, as demonstrated in our
experiments.

The remaining section of this paper is organized as
follows: Section 2 reviews past studies on the
evolution of mental health education. Section 3
describes the proposed DEEPMIND process. Section
4 examines and compares our proposed approach with
other conventional approaches. Section 5 concludes
with a discussion of potential future studies.

2 Related works

The current advancements in deep learning and
machine learning have tremendously helped mental
health research. Studies on techniques like natural
language processing, adaptive systems, therapy
prediction, and multimodal data processing have
examined the three main objectives of these systems:
user interaction, intervention customization, and
improvement of mental disease identification. This
part emphasizes significant research in the field to
demonstrate  how artificial  intelligence  is
progressively becoming relevant in mental health
therapies.

This work offers a multimodal deep learning
architecture (MmDL) using voice, text, and facial
expressions to detect mental illnesses. The model runs
recurrent and convolutional neural networks to
improve classification accuracy [11]. Experimental
results on benchmark datasets expose a winner when
compared to single-modality models. This approach
guides the path toward automated mental health
diagnostics, able to consider a range of inputs and
yield real-time results.

This study uses machine learning to examine how
individuals apply online mental health interventions;
based on this, one can find patterns in using behavior
connected with therapeutic results [12]. The model
divides users into profiles based on their degree of
participation in an effort to identify which ones would
benefit most. The findings reveal that customizing
intervention delivery using adaptive mechanisms can
help online mental health programs to be more
successful.

This research looks at mobile apps for mental
health using thematic analysis of user reviews (MH-
TA-UR) and machine learning. App store evaluations
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separate user emotion, usability issues, and general
pleasure with the features [13]. The paper claims that
many applications lack clinical validation and
customization. The approach offers a scalable means
to assess app quality, such that it enables developers
to create better mental health apps.

Machine learning approaches used in adaptive
and personalized health systems are discussed in this
paper with a focus on mental wellness applications.
Researches address intervention customizing via
reinforcement learning, supervised, unsupervised, and
unlearning [14]. The good impacts of customizing on
adherence and outcomes are the main topics of this
review. Exploration of issues like data privacy and
bias can direct future studies in health-aware
intelligent systems.

Within the machine learning techniques discussed
in this taxonomy of mental health prediction
applications (MHPA) are classification, clustering,
and natural language processing. Researchers discuss
case studies and techniques for identifying anxiety,
depression, and PTSD, as well as strategies for
addressing interpretability, data imbalance, and ethics,
among other issues [15]. Scholars working on mental
health therapies utilizing ML will find a great
resource in this work.

Cognitive treatments for mental health combining
augmented and virtual reality with machine learning:
an all-encompassing review. It focuses especially on
how ML improves diagnosis, tracks development, and
customizes treatment settings to fit every patient [16].
The paper stresses the advantages, which include
immersive therapy and real-time feedback. Still, it
admits the challenges related to ethics, clinical
validation, and technology. The study emphasizes
how much artificial intelligence is becoming more and
more relevant in VR mental health treatments.

This  thorough  review investigates the
psychological uses of NLP and machine learning. It
clarifies how NLP could find in-patient texts of
suicidal, depressed, and worried ideas. The study
emphasizes sources of data, approaches, and
performance findings of relevance [17]. While
interpretability and data quality remain major
challenges, findings show that language-based models
perform well for early detection.

Using textual data, including medical records and
social media posts, the researchers propose a deep
learning algorithm that could detect cases of
depression. LSTMs and CNNs help the model
understand emotional tone and semantic context.
Results show a great degree of accuracy in the
diagnosis of depression [18]. This study indicates that
early mental health diagnosis and language-based
passive monitoring can benefit from deep learning.

Reviewed here for the aim of identifying
depression are some of the machine learning
techniques, including decision trees, support vector
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machines, neural networks, and ensemble approaches
[19]. Authors highlight types of datasets, performance
criteria, model limitations, and so on. Furthermore,
underlined as possible areas for more research in the
field are subjects like interpretability and multimodal
data integration. The assessment confirms the exciting
prospects of machine learning for the field of mental
health diagnosis.

Seeking to customize therapy, the paper explores
how machine learning may be used to forecast results
from mental treatments. It tests models using
demographic, clinical, and behavioral data to identify
the optimal therapies for individuals [20]. Results
show that ML could significantly raise the therapy
success rates. The research emphasizes future
challenges, including data integration and ethics,
which underlie the need to include ML in clinical
decision-making for tailored mental treatment.

Results of the examined literature show that
artificial intelligence can enhance the personalizing of
treatments, mental health diagnosis, and optimization
of interventions. Among the themes that really jump
out are adaptive learning, multimodal frameworks,
user engagement analysis, and immersive therapies.
Despite the hope, challenges still exist, including the
development of effective data analysis techniques and
the assurance of clinical validation. Taken together,
these items show the opportunities and paths forward
for designing intelligent, customized mental health
diagnosis and treatment plans. The advantages and
limitations of the relevant research are shown in Table
1.

A significant number of the solutions now
available have names that sound satisfactory. Still,
they are constrained by designs that do not undergo
any changes or inputs that only consider a single type
of data. Although CNN-LSTM maodels are effective at
determining how individuals feel about text, it is
essential to note that they do not always respond
immediately. It is also important to note that
reinforcement learning strategies do not always
include customization or emotional context. By
integrating adaptive material based on real-time
feedback, a recurring design that enhances attention,
and natural language processing (NLP) for emotional
signals, DEEPMIND can overcome these challenges.
It offers a framework that is both more comprehensive
and more flexible than the conventional methods
typically used. As a result, it can accurately
comprehend sentiment (with an accuracy of 89.4%)
and effectively forecast engagement (with a 91.2%
accuracy).
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Table 1: Related work summary

L. Lian et al.

S.No Methods Advantages Limitations Qualitative Metrics
1 Multimodal Deep Combines text, Requires large, Response Time: around 210
Learning (CNN + audio, and facial data diverse data; high milliseconds, Accuracy: 86.5%,
RNN) for accurate disorder | computational cost F1-Score: 84.7%
recognition
2 Machine Learning Identifies May miss The cluster accuracy is
Clustering on User engagement patterns to | nuanced emotional 8_0%, the retention improvement
Engagement Data predict intervention or contextual user is around 12%, and the cluster
success behavior precision is 78.9%.
3 ML + Thematic Scalable app Lacks clinical Time to respond: 198 ms;
Analysis of User evaluation: captures validation; 84.2% accuracy in finding
Reviews user sentiment and subjective user feelings
feature quality feedback
4 Supervised, Enables Data privacy Return on Investment (RL-
Unsupervised, and personalization and and algorithmic bias based): 82.3%; Average
Reinforcement improves user issues Retention Gain: 15-20%
Learning for adherence
Adaptation
5 ML Taxonomy Comprehensive Ethical concerns The recall rate for finding
(SVM, NLP, mental health and data imbalance | depression is around 77%, the
Clustering, etc.) prediction toolset challenges SVM accuracy rate is 80-85%,
and the NLP F1 rate is 83%.
6 ML in AR/VR- Immersive Expensive Completion of sessions:
Based Cognitive treatment; personalized hardware; needs 91%, accuracy of real-time
Therapy feedback in real-time clinical testing feedback: 87%, and user
satisfaction: 88%.
7 NLP + ML for High early- Data quality and Sentiment F1: 85.6%,
Text Analysis detection accuracy interpretability Detection Accuracy: 88.4%, and
(Depression, Anxiety, using language remain concerns False Positive Rate: 6.1%
Suicidal Ideation) patterns
8 CNN + LSTM on Effective semantic Relies heavily Recognizing Depression:
Textual Data understanding for on text availability 88.0% precision, 89.2%
depression detection and quality accuracy, and 0.92 AUC
9 Review of ML Highlights Limited real- SVM is 81% accurate,
Algorithms (SVM, | algorithm performance | world deployment | Neural Net is 85% accurate, and
RF, NN, etc.) and future directions and generalization RF is 83% accurate.
1 Predictive ML for Matches patients Data integration Guessing the Results, the
0 Psychiatric Treatment | to optimal treatments; and ethical use in criteria are: accuracy (80.5%),
Outcomes improves outcomes clinical practice average treatment success
improvement (around 17%), and
mean absolute error (+3.4
points).
3 DEEPMIND flow, model design, information personalizing,
emotional signal processing, and performance

This section presents an evaluation and optimization
approach for mental health education grounded on
deep learning. This methodology section outline data

evaluation. Through customized feedback, enhanced

engagement, and

continuous improvement,
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DEEPMIND aims to enhance material delivery and
psychological learning outcomes using modern
artificial intelligence techniques.

3.1 DEEPMIND input data flow and
collection pipeline

@

Learner Interaction Environment I

Behavioral Textual Sentiment TUsage and Content Digital Feedback
Interaction Logs Data Analytics Mechanisms

Integrated Data {ggngxmr
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Module

(@
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‘4’ Multimodal 'y Unified Structured Input

\ consolidation |, Layer

~ .

Customized
evaluation

Figure 1: DEEPMIND Input Data Flow and
Collection Pipeline

Gathering rich data streams from multiple points of
interaction with students within corporate or
educational systems is the first stage in utilizing the
DEEPMIND architecture. Among these sources are
behavioral interaction logs (such as time spent and
click patterns) and sentiment-rich textual data (such as
comments, thoughts, and chat inputs). Digital content
consumption statistics are abundant [21].
The pipeline's sensors and digital feedback systems
can record both overt signals like survey scores and
covert ones like hesitation time or skipped content.
All incoming data is preprocessed to eliminate noise,
tokenize, and standardize input formats such that they
are compatible with one another in Figure 1. The
technology lays a strong basis for real-time analysis
by continually monitoring user activity and
psychological signs by using a structured collecting
approach. Consolidating multimodal inputs allows
DEEPMIND to dynamically alter its analysis to both
stationary and live educational environments using the
data pipeline [22]. This stage ensures that the data
required for the customized evaluation of our deep
learning algorithms is relevant, fresh, and clean.
|apr(orf(us)at| = |(rd)°*s a,.(ev®) + vv(qa)' 1=
fe+ ﬂ'ra.s|

D
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This equation 1 defines the process for organizing
user activity |e,,.(or’(us)|raw data into organized
sequences (rd)°<reflecting their prior interactions

o It aggregates event categories(ev®) like video
views vv, quiz attempts(ga)'~*, and feedback entries
fe into a time-aligned stream a,,.to enable further
study of learners' fe + a,, interaction with mental
health education material over time.
muadtrst'cs+s)+ ﬁSDAC—it('!cHJh) —

pt —eni(hl)

g P s(LP)
_U o
et per

2
The above-defined equation 2 converts user activities
and time stamps into a consistent time-series form
N, dt™='e+<) It standardizes activity intervals and
codes learner behavior frequency pspACitlic+bh),
This enables temporal modeling of engagement trends
and helps to identify the phases of a user's learning

path B, P"” inside the platform when
engagement is both high and low pt ~emhD),

[{ta (ml,),Fd,,, —csg )| =
|[ dl(le, piu ,VS;;) (Chy — usr)ce|

US(LPI

@)

Equation 3 defines the temporal alignment model
ta (ml, ) that defines the feedback momentsFd,,,, and
the related content segmentations csg. By means of
direct linkages dI between learner emotions le and
particular instructional units piu, the system can
identify content strengthsvS;; and shortcomingsCh,
based on user reactions usr either before or during
content exposure ce [23].

Era
Dm(te, nr, ect)vt < f; -1

i=1|€cr|** + es,|blafua
(4)
From many data modalities Dm including text entries
te, numerical ratings nr, and clickstreams e&ct,
equation 4 unites vectors vt representing each
learning interactionf;;. These composite
representations ¥'IL|£.-|°° are essentiales, to feed
into deep learning models since they allow fast batch-
level analysis|bla| while maintaining the semantic

richness of user activity— — 1.
UT
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3.2 Deep feature extraction and
emotional signal processing

|s.mmmd Input from Preprocessing Phase ‘

=) =
|_&_I

‘ l Textual Feature Extraction Module ‘ ‘

» Seatiment
Emotion
Detection
Behavioral Signal
Encoding Module
*  Tochniemes
Multimodal Feature
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> Affective Linguistic

Features

—
Figure 2: Overview of Deep Feature Extraction and
Emotional Signal Processing

In this phase, the DEEPMIND architecture uses
behavioral modeling and advanced Natural Language
Processing (NLP) methods to convert unprocessed
data into meaningful characteristics. Sentiment
analysis, emotion detection algorithms, and
embedding methods like BERT or Word2Vec help to
capture psychological tone and context by means of
textual answers.

Behavioral signals, including reaction rates,
navigation paths, and pause durations, are encoded
using sequence modeling approaches in Figure 2.
Emotional cues are further refined using affective
components taken from word patterns, punctuation
use, and feedback strength [24]. Taken collectively,

L. Lian et al.

they shed light on user sentiment, involvement, and
learning phases. These components are extracted and
fed into the deep learning architecture to ensure that
the learning process is documented from both a
cognitive and an emotional level. The profile of a
student should mirror their current situation and
preferred mode of contact. This enables DEEPMIND
to make accurate forecasts on student learning and
better customize comments on content.
[lug(Vsv)|™ SP < ce(¥E yse+ [lem[“"cf +
ps)

(®)

Equation 5 converts user-generated ug content
into a semantic vector{Vsv) space with multiple md
by use of deep contextual encoding ce. Every phrase
ep or sentence Yir, yse is preserved in an emotional
and significant sense by means of a numerical
portrayal [25]. This representation helps one examine
user reflections |em|“"or content feedback cf for
tone, psychological signals ps, and thematic
relevance [ |em|“"cf.

i Ly = se 3 mr—2
<_ﬂul}£!.rls (1 +;) )= Xi21Bst |Bai * Ir(hp)|
(6)

The above-mentioned equation 6 uses a learned or
lexical sentiment ul — Is scoring system (1 +;—C) and

user responses ur to determine sentiment polarity sp
and strength ¥';Z, B., . Deciphersf,; if the learner Ir
is displaying happy, sad, or neutral emotions Ir(hp)
helps one to better understand mr — 2 how the mind
responds to particular content
¥E Boe | Bai * Ir(hp) ™2 or learning situations.

Algorithm 1: Deep Feature Extraction and Emotional Signal Processing

Inputs:
ug: user — generated content
Ur: user response

cf: content feedback
ps: psychological signals

BEGIN

(e.g., BERT, Word2Vec)

3.FOR each phraseiin ep DO

sc: sentiment confidence level

ep: number of expressions/phrases

sp: number of sentiment polarities

lr(hp): learner response (happy, sad, neutral)

1.Extract raw user — generated content (ug)
2.Encode ug into semantic vector space (Vsv)using deep encoders

Output: Emational vector representation and sentiment analysis score
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increase ysel[i]
ELSE
assign neutral yse[i]
END FOR

— punctuation pattern
— pause durations

END FOR

5.Computej |lem|[*"cf + ps

END FOR

yse[i] = contextual emotional weight of phrase i
IF phrase has strong emotional tone THEN

4. FOR each content feedback cf DO
Extract emaotional signal |em|*ur from cf
Analyze tone and context using:

— behavioral cues (e. g.,click speed, hover time)
Combine with psychological signals ps

to capture thematic relevance and emotional weight
6. Evaluate sentiment polarity using Equation (6):
Compute sentiment score factor:

sentiment_factor = (1 + E)

FOR each sentiment polarity st insp DO

IF Ir(hp) == "happy" THEN
B di = positive weight
ELSE IF lr(hp) == "sad" THEN
B di = negative weight
ELSE
p_di = neutral weight
END IF

B_st = sentiment_strength(st)

sp
score[st] = ) fuc |Bec * Ir ()|
i=1

7. Aggregate all scores to get overall emotional signal vector

8.IF emotional signal indicates disengagement or confusion THEN
trigger adaptive feedback generation

ELSE
continue personalized content delivery
END [F
END
The algorithm 1 extracts emotional and understanding emotions like happiness, sadness, or

behavioral features from user-generated content using
NLP models like BERT. It analyzes sentiment tone,
psychological cues, and feedback patterns. Based on
user responses, it calculates sentiment polarity and
strength using contextual weights, enabling adaptive,
personalized feedback in learning environments by

neutrality.
This equation 7 allows one to determine —dtr the

emotional state change during a learning session

es(lm)dr.

—dtr (es(fm)dr = (|Re] |V, |cp~2V,y,) =

(tu,an,Vvma)

U]

re
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Rolling emotional  |Re|scores at many
checkpoints helps one establish patterns of emotional
involvement |V_.|cp~2V,,. These patterns help to

recognize rc user tiredness, annoyance, or mood

augmentation (tu, an, Vma)depending on
instructional flow ———— and emotional input.
(tu.an,Vma)

C!:?.S' = bLi_rBiJH:Esm-[Enm] —
(Iﬂ!r(b?")) |agm (en)lcaru Uc)|
(8)
This equation 8 aggregates limits of behavioral
engagementblin%II data with emotional signals to
g—

obtain a composite engagement index (Es(En,,).
Through the integration of learners' behaviors
(in;,(br)) and emotions |(e, )| into a whole picture
of user involvement d,,, the model can improve
DEEPMIND's personalizing and predicting accuracy
|8, (1.) [26].

3.3 DEEPMIND framework
architecture

The DEEPMIND system uses its deep learning
architecture to investigate sequential user data and
generate real-time predictions regarding the impact of
content. RNNs more notable units, help the system
manage user interactions and emotional states with
time-based character.

E2)

Jultimodal Learner
Data

Input Layer

Feature Extraction

Embedding Layer

RNN Units

f:f'/ A PR

Learner
[Representation Layer,

Latent State
Generator

Dynamic Contextual
Vectors

Y

Predictive Output

Decisioning Layer

Actionable Insights

|

]
Output Layer  j— F:‘:::::j?:p Ala
: * e K

Figure 3: DEEPMIND overview

Combining an attention mechanism that evaluates
the value of several input characteristics, such as
emotional tone or interaction frequency, helps one to

L. Lian et al.

forecast the educational effect in Figure 3. Training
with an attention-enhanced RNNSs helps the model
zero in on what counts most during the training
process. The design includes a decision layer that
links latent states with expected results like content
engagement ratings or retention rates. Due to a
feedback loop, the model may retrain on new data to
become even better over time. This dynamic and
modular  architecture  guarantees  scalability,
adaptability to other educational environments, and
the potential to provide exact feedback for the
development of mental health material and student
involvement.

1im_[[(SD5() (0ma (6,3, (em) |fr L

fmour o
9)

This Equation 9 explains how recurrent neural
networks rn — nt treat sequential data given by
students(SD,.(s). It enables the modeld,; to grow
(G,.)from its errors d,,.and interests to enhance (en)its

forecast fr of future involvement and understanding

results—_"
I

m.aur

d-lviir}ﬂth(ecfflzsq) — Opglam),e, —Ir) < ef
(10)
Equation 10 defines the dynamic relevance
lim weight wt of each input feature ec;r in a

dy—rv

sequence(S, ), therefore guiding the operation Opgof
the attention mechanism (am). By means of enhanced
accuracy e, and interpretability 1 of the effectiveness
score ef, it ensures that the algorithm
Opg (am), e gives emotional charged or engagement-
critical interactions top priority when making
predictions.

Z?=l Int f (am,g (nn!s)|rc_zacc(5r) -

Oy (d) |50, (ef ) )
(11)

This equation 11 turns the internal statesin, of the
model generated d,,, by layers like RNN into the
expected outcomes (nn; )|**~%of the learning
processdy, . It generates (g,.) recommendations ¢ — 2
for customized content d,..using these states(S,.), then
might translated,,, them into a discrete (dr) result
like "engaged" or "disengaged" en —ds or a
continuous score 8, like "effective” (ef).

1 ] (Sip(st) — B(em) -

Cor (mi)| af:. (sp)) adi=2 O (pr))
(12)

Equation 12 combines several input streams
textS;, (st) sentiment, behavioral time seriesB;, and
content metadata (cm)for a more complete
predictionC,,.. ~ This  multi-input  (mi)fusion
strategyd,; supports(sp) adaptive learning adl and
increases the robustness @,,0f predictions(pr) by
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guaranteeing judgments C,,.(mi)|d;;(sp))|*@2are
shaped by a complete view of learner behavior.

3.4 Personalized content optimization
strategy

DEEPMIND sets off a content optimization process
once it forecasts the emotional impact and efficacy of
a learning session. Using predicted outputs such as
engagement scores, comprehension levels, and
emotional  feedback, this module  suggests
individualized adjustments to instructional content.

ds

O—0-=
up @ @ EM,
i @

A

o0~ 2O

(id + bn) al
A A

Figure 4: Path diagram for personalized content
optimization strategy

The system may suggest rearranging modules,
simplifying explanations, introducing interactive
components, or providing useful resources depending
on the emotional state and behavior patterns of the
user in Figure 4. Moreover, one can progressively
enhance recommendations by applying reinforcement
learning  techniques. Content recommendations
consider people's psychological preparation and
learning styles, which helps to create more pleasure
and retention [27]. This technique helps each module
to be more relevant and impactful by allowing a
learner-centric approach to mental health education in
real-time. Dashboards can give teachers and content
creators practical insights and they might validate or
accept automatic advice. This continuous feedback
and adjustment cycle helps one to maintain effective,
interesting, and responsive mental health education
that satisfies the needs of different students.

as _ i (M£) mf+Ip —{id+bn)
= [EM, + ES,al ]1(13)
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This equation 13 finds the degree of similarity
between user profiles :—; and easily available content

items 4CI using learnt feature ,/If embeddings EM,.
Based on how well the material(Mt) mt or module
fits mf a learner's present Ip needs and emotional
state ES,, the algorithm al can identify id which ones
are most beneficial bn to them. Where C stands for
content and ! for learner embedding.

aﬁ%fss([.!i'n —Ch) (1), e, —ux) < ps (14)

The above elucidated equation 14 follows
changes in engagement both before and after af — bf
content adjustments Ad. The system ss may learn
what sorts Szof changes Ch such as video length (1),
tone, or examples e,actually enhance the user
experience ux by contrasting engagement scores from
past sessions ps with those following a
recommendation.

lim ea((Cr; —sp) (E,), P, — ar) = (mdg — kn)

ef—=cp
(15)
This method ranks the content units following
computed effectiveness and emotional impact
ef — cp scores. This equation 15 evaluation aims ea
to identify whether courses of instructionCr;
consistently resultCr; in high student participation sp,
enhanced understanding(E,, ), or positive
commentsP,.. One can then arrange ar or enhance the
modulesmd g using this knowledge kn.
(rd + de)’l = Z?in mspb!~! = rdq + (tm + ii)%
(16)
Reducing rd a disengagement de risk function rf
helps the previous equation to find the optimal
learning ol module sequence ms for a given user
using equation 16. Considering past behavior ph*~*
and remarks, it decides which sequence rdg of
materials tm would be most appropriate ap to keep or
increase involvement ii.

3.5 Real-time feedback and adaptive
learning loop

The DEEPMIND architecture uses an adaptive
learning loop and real-time feedback to enable mental
health education to be constantly updated and
customized to every individual. As students interact
with the materials, the technology logs real-time
behavioral data, including click patterns, time-on-task,
and emotional mood from textual feedback. The
model instantly analyzes these inputs to determine
interest and comprehension.
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Figure 5: Real-time feedback and adaptive learning
loop

Using these inputs, the system evaluates
comprehension and degree of involvement right away.
After this assessment, DEEPMIND advises the
student on how to best apply the content, suggests
other resources, or offers customized motivating cues
through real-time alterations to the learning path in
Figure 5. This real-time change-ability makes the
learning process more dynamic and customized to
every person's requirement [28]. The model is further
gradually retrained wusing fresh interaction data
through the feedback loop, which, over time,
increases its forecast accuracy. This method ensures
that the system responds to user needs, such that it
gives a clever and long-lasting solution for delivering
digital mental health education that is efficient, fun,
and emotionally sensitive [29].

e = [[1211? + ||| )22br 52z 1| Dy*s+t s (17)

This equation 17 instantly changesi® the learner's
engagement ||I%]|?level as new data on their
interactions |N*||>becomes known. By always mixing
behavioral 2br and emotional inputs em, which
dynamically changes user models Dy**!, the system
adjusts sd its suggestions according to the learner's
present mental state Dy *+1|3¢9,

A(dt,T0) e = 5 [NBpTE + By (Wr)sy] 12 ms =

gr
\ (18)

Introduced in equation 18, the model changes its
settings in response to fresh input, a process known as
incremental learning. DEEPMIND can thus adjust to

L. Lian et al.

new conditions without undergoing complete
retraining; hence, it is more sensitive to minute and
important changes in user behavior and thinking over
time. The function d(dtra),, function for
behavioral-emotional adaptation for learner dt, taking
into account changes in time and mood. ra time-
related attribute, such as how long an activity takes.
Recent emotional information includes elements such
as tone of voice and the importance of the feeling. nt
is the number of the learner or session. The number of
encounters that are used to figure out the
normalization constant or rolling average. N is the
change in the normalized behavior index A,; would
show that individuals are interacting with one another
differently. The cognitive load Tt, or how hard the job
is at time t. A (wr)s, is the change in behavior
throughout the session % in reaction to answers that
were changed for weight ms. The score for stability is
based on how consistent the behavior is gr threshold
for goal response.

Ucip(c)= 0(cd) + Tt My, (cc+1) + XEy(al -
ng)zdn
(19)

User comments influence the chance Uc,s(c)of
content adaption d(cd); this equation helps to
determine how. It adds more weight to the content
componentM,,..(ec + 1) alterations for negative
emotion or cause disengagement ¥ (al —ng)*"
in equation 19, such that improving future learning
sessions and instantly updates the recommendation
engine.

I < (14 ue)FC 4+ bri®+ac =0,123,...+ As
(20)

Equation 20 adjusts the internal learning rate of
the model IL™*lin reaction to changes in user
engagement(1 +ue). If recent forecastsF® show
better results; it slows down changes brc; on the
other hand, it accelerates ac learning to rapidly correct
ineffective adaptation strategies As should results
deteriorate.

Combining RNNs, attention processes, and
emotional analysis, the DEEPMIND paradigm helps
one to always assess the effectiveness of mental
health education. It uses real-time patterns of behavior
and emotional interpretation to personalize learning
materials. With this technology, which assures
improved learner involvement and higher educational
outcomes through continuous evaluation and
feedback, digital mental health education has never
been more scalable and flexible than it is now.
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4 Results and discussion

This part presents the performance evaluation findings
of the DEEPMIND framework. Using a range of
criteria, and assess predicting involvement,
understanding of emotions, and content optimization.
Deep learning integration obviously has the advantage
over existing approaches. Visuals and statistical
measures help to demonstrate the accuracy,
customizing capability, and flexibility of the proposed
system.

Dataset description: This dataset compiles
textual data labeled with sentiment scores related to
mental health issues. It enables the training of natural
language processing models to detect indicators of
emotional tone, discomfort, or well-being. Supporting
modeling of user sentiment over time improves both
the capacity to dynamically monitor mental state and
personalize material ideal for DEEPMIND's
emotional signal processing and feature extraction
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phases [30]. This dataset contains 10,000 samples that
will be used for labeling. Two groups of data were
utilized for training and testing, with proportions of
20% and 80%. This paper employed a 5-fold cross-
validation procedure to ensure that the model was
robust and didn't overfit. To assess the effectiveness
of the adaptation, several measures were used,
including the F1-score, test set accuracy, and
precision. The following hyperparameters have been
introduced to facilitate the creation of duplicates:
Each of the two layers that make up the RNN consists
of 128 hidden units. The vector size of the attention
technique is equivalent to 64. To maximize the
learning rate, the Adam optimizer was set to 0.001,
the batch size was set to 32, the dropout rate was set
to 0.3, and the training ran for 50 epochs with an early
stopping point. The simulation environment is shown
in Table 2.

Table 2: The simulation environment

Metric Description
Google Colab Used to develop and test the DEEPMIND model, including RNN architecture, attention
layers, and sentiment analysis components. Provides a cloud-based GPU environment for rapid
prototyping and real-time visualizations of learner interaction predictions.

Kaggle Hosts sentiment and mental health-related datasets, including labeled emotional data used

for training DEEPMIND's emotional signal processing module. Enables community

collaboration and baseline comparisons.
Sentiment Provides labeled textual data for training the emotion recognition component of

Analysis for Mental
Health Dataset

DEEPMIND. Helps stimulate user responses and behavioral signals for validating effectiveness
prediction models.

TensorFlow Framework used to build and optimize the deep learning components of DEEPMIND.
Handles the training of RNNs, attention layers, and feedback learning loops for educational
content adaptation.
PyTorch Supports experimental modules for dynamic learner profiling and real-time behavioral
feedback adjustments. Facilitates modular experimentation with new learning strategies and
personalization logic.
NLTK / spaCy Used for natural language preprocessing, including tokenization, stop-word removal, and
POS tagging of user reflections and feedback. Prepares clean text input for sentiment extraction
models.
SimPy Simulates user interaction sequences, emotional changes, and engagement signals over time.
Mimics classroom or e-learning scenarios for testing adaptive learning behavior in DEEPMIND.
Docker Containerizes the DEEPMIND simulation environment, including NLP pipelines, training
scripts, and real-time dashboards for engagement metrics. Enables reproducible deployment in
educational platforms.
Matplotlib / Visualizes accuracy, engagement scores, sentiment trends, and personalization
Seaborn improvements. Used for result analysis and system evaluation.
NetworkX Models the interaction graph between learners, content modules, and engagement states.

Helps analyze engagement flow and the influence of adaptive changes in learning pathways.
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This paper included p-values and confidence
intervals with a 95% level of certainty in our
assessment to determine whether the DEEPMIND
framework performs better than baseline models. It
examined a variety of important performance
measures by using paired t-tests and analysis of
variance (ANOVA). These metrics included how
accurately one can anticipate engagement, how well
one can understand sentiment, and how much one can
enhance learning outcomes. In most situations, the
statistical ~ analysis  confirmed  the  findings,
demonstrating that DEEPMIND demonstrated a
significantly higher level of effectiveness compared to
conventional methods (p < 0.05). Due to the presence
of these characteristics, the assessment is more
comprehensive and accurate, which helps demonstrate
that the performance improvements are not merely a
random occurrence but are linked to the significant
benefits that the proposed model offers.

4.1 Analysis of engagement prediction
accuracy
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Figure 6: Engagement prediction accuracy analysis

This parameter evaluates the DEEPMIND
model's predictive ability of the learner's participation
level by means of past interactions, emotional
responses, and behavioral signals. High degrees of
accuracy reveals that the system can effectively
identify the degree of user interest in learning and
concentration from Figure 6. Timely interventions
grounded on accurate forecasts can inspire students
and maximize the materials used in mental health
education environments.

Engagement prediction accuracy equation F@B is
expressed using equation 21,

_15p _|F-F
FOB = 02_1:1 (1 maxtFj)

(21)
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Equation 21 explains the engagement prediction
accuracy equation by calculating the average negative
relative error between the expected and actual
engagement values.

In this FQB is the engagement prediction
accuracy, 0 is the total number of learner instances in
the dataset, 13; is the predicted engagement score for
the learner, F; is the actual engagement score for the
learner, and max(F) is the maximum possible
engagement value.

4.2 Analysis of sentiment detection
precision
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Figure 7: Sentiment detection precision analysis

Sentiment detection precision tests DEEPMIND's
ability to accurately identify emotional tones,
including happiness, frustration, or apathy, in student
comments. Understanding user mood and emotional
engagement depends on it through Figure 7. Higher
precision scores guarantee that content adaptation is
grounded in real emotional states, which is necessary
to customize mental health materials that support
psychological well-being and learning retention.

Sentiment detection precision score equation TEQ
is expressed using equation 22,

o - -
EinaTi+T;

TEQ = —F—
Q z_;iozl T;

(22)

Equation 22 explains that the sentiment detection
precision score closely projects sentiment signals and
calculates sentiment precision.

In this TEQ is the sentiment detection precision
score, O is the total number of input samples, T; is the

actual sentiment intensity for the sample, and 'Ij is the
predicted sentiment intensity for the sample.
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4.3
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Figure 8: Content relevance score analysis

Figure 8 analysis regarding statistics helps us to
determine how fit the recommended course materials
are for every student's background, learning style, and
mood. Forecasts from DEEPMIND indicate that the
best material will be shown. The technology is
effectively customizing courses to every student with
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a high relevance score, which should result in a more
exciting, relevant, and helpful learning environment
that supports optimal mental development.

Content relevance score analysis equation DST is
expressed using equation 23,

DST = % E?ﬂ(ﬁ +Si(DyJ;) +y * Si(Df’Nf))(ZB)

Equation 23 explains that the content relevance
score equation combines semantic and emotional
match to determine the typical relevance of the
information.

In this DST is the content relevance score
analysis, @ is the total number of content learner
interaction instances, D; is the feature vector
representation of the recommended content, for
instance, J; is the feature vector representation of the
learner’s inferred intent, for instance, N; is the feature

vector representation of the learner’s emotional state.

4.4  Analysis of response time efficiency

Table 3: Response time efficiency analysis

Method Avg Response Time | Max Response Time | Min Response Time | Std. Deviation
DEEPMIND 152 190 135 18.4
MmDL 210 245 170 27.3
MH-TA-UR 198 230 160 22.7
MHPA 175 215 150 21.1

Response time efficiency gauges DEEPMIND's speed in
retrieving user data, handling it, and subsequently
producing modified content or personalized comments.
Less lag time means real-time updates to keep consumers
interested and flow seamless and given in Table 3.
Particularly problematic in emotionally sensitive mental
health environments, delays in recommendations can
anger or divert users of digital learning systems.
Response time efficiency score equation SUFT is
expressed using equation 24,
SUFT=1- %E_&'Ll(%)
Equation 24 explains the response time efficiency score
equation is in order to quantify efficiency.

In this SUFT is the response time efficiency score, O is
the total number of real-time response instances, U is

the actual response time for the instance, U}f is the
predefined ideal response time threshold for the

(24)

interaction, and U™ is the maximum permissible
response time for the interaction.

4.5 Analysis of adaptation success rate
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Figure 9: Adaptation success rate analysis
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The degree to which DEEPMIND altered the material
determines the adaptation's success rate analyzed in
Figure 9. This statistic displays the frequency with which
changes in tone, examples, or complexity increase user
involvement or sentiment. Validating the use of deep
learning for dynamic personalization in mental health
education systems, the great success rate of the model
indicates it recognizes what students need and when.
Adaptation success rate equation BTS is expressed using
equation 25,

BTS =230, (ﬁ) (25)

5

Equation 25 explains that the adaptation success rate
equation is the average ratio of effective adaptive

L. Lian et al.

responses to all adaptation opportunities for each learner
instance.

In this BTS is the adaptation success rate, O is the total
number of learner interaction sessions or cycles, B; is the

number of successful adaptations made during the
session, and S; is the total number of required adaptations

identified during the session.

4.6 Analysis of learning outcome
improvement

Table 5: Learning outcome improvement analysis

Method Avg Score Gain (%) | Retention Rate (%) | Engagement Score (0-100) | Motivation Boost (%)
DEEPMIND 38.6 84.5 91.2 41.3
MmDL 24.3 72.0 75.5 26.4
MH-TA-UR 28.1 77.8 79.0 32.7
MHPA 30.5 80.1 82.4 35.9

This statistic contrasts student performance and 4.7 Analysis of behavioral change

knowledge both before and after DEEPMIND
interventions. It gauges the extent of influence
customized content offers on schooling through Table 5.
Improvement is gauged via quizzes, reflection quality,
and self-assessment instruments. Results reveal that
students are emotionally engaged and that the system
supports their learning about mental health and increases
self-awareness.

Learning outcome improvement score equation
MPJT is expressed using equation 26,

1 MPo_pPE
M'P.!T = EE_?:]_ ( j:._i-;l:l;!ﬂ.l_il (26)
i

Equation 26 explains the learning outcome
improvement score equation by analyzing pre- and post-
engagement scores.

In this MPJT is the learning outcome improvement
score, @ is the total number of learners, Mfg is the initial
assessment score of the learner, Mf" is the final
assessment score of the learner, and MJ*** is the

maximum possible score in the assessment for the
learner.
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Figure 10: Behavioral change detection analysis

Behavioral change detection in DEEPMIND enables the
assessment of changes in learner activity patterns,
including variations in completion rates and material
interaction. ldentifying such alterations helps enhance
personalization strategies by means of the information
from Figure 10. Essential for maintaining students'
interest over the long run and providing an understanding
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of their mental and emotional development as they
advance through mental health education.

Behavioral change detection score equation CDET is
expressed using equation 27,

CDET =239, (1—sm(cP™ —cP™*)) (7)

Equation 27 explains the behavioral change detection
score equation by comparing the behavior vectors before
and after the contact.

In this CDET is the behavioral change detection score, 0
is the total number of learner behavior profiles, €/ is

the feature vector of behavior before content exposure
for the learner, C}’"“ is the feature vector of behavior

after content engagement for the learner, and Sm(y, z) is
the cosine similarity between vectors.

According to outcomes analysis, DEEPMIND performs
better than traditional models in forecasting involvement
and tailoring mental health education. The system has
improved accuracy, emotional recognition, and content
alignment, as well as other aspects. Real-time comments
and adaptive customizing help users to be constantly
involved. The assessment finds that the structure is
effective in offering educated, sensitive, emotionally
conscious mental health learning opportunities.
According to CNN-LSTM models, on the other hand,
they achieve an accuracy of around 89% on static text
sentiment without utilizing behavioral feedback loops.
DEEPMIND, on the other hand, examines user signals
one at a time by using recurrent neural networks (RNNSs)
that have been improved with attention and emotion
assessments derived from natural language processing.
To be more exact, this results in a 91.2% increase in
engagement accuracy and an 89.4% increase in emotion
accuracy. When it comes to functions such as forming
real-time inferences quickly, modifying content on the
fly, and digesting information from a wide variety of
sources, the new models are superior to the older ones.

5 Conclusion and future work

This work presented a deep learning-based method to
enhance material distribution and evaluate the efficacy of
mental health education. The name is DEEPMIND.
DEEPMIND effectively records learner engagement,
emotional states, and behavior reactions by combining
RNNSs, attention mechanisms, and sentiment analysis.
The results of the trial reveal that content customization,
real-time adaption, and educational results are all better.
Providing proactive interventions and data-driven
insights in mental health learning settings, the paradigm
addresses major flaws in past approaches.

Future research can enhance emotional understanding by
incorporating multimodal data sources, including voice,
video, and physiological signals, into the DEEPMIND
architecture. Long-term user studies, encompassing
multiple demographic groups, will help verify the
generalizability and robustness of the framework.
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Explainable artificial intelligence (XAl) features can be
incorporated into DEEPMIND to enhance openness and
trust further, thereby increasing its acceptability in
therapeutic and educational environments.

Educators in the field of mental health need to use
extreme caution when dealing with data that pertains to
how individuals behave and how they feel. All the
information used in this study may be processed, even if
it is not accurate, due to the rules in place to safeguard
personal  data.  Pseudonymization ensures  the
confidentiality of sensitive information. It is essential to
have a clear understanding of how the data will be used
and the rights that individuals possess to ensure that the
data is handled appropriately. Before gathering any
information, it is also important to get their permission.
The objective of the DEEPMIND project is to utilize
personally identifiable information in a morally sound
manner and to eliminate unnecessary data.
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