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Abstract—Mental health care is often constrained by periodic 
clinical sessions, limiting a psychologist’s visibility into a patient’s 
day-to-day emotional condition, task adherence, and behavioral 
changes between appointments. This paper presents MindTrack, 
an Android-based doctor–patient mental health support system 
designed to strengthen continuity of care through secure commu-
nication, task assignment, journaling, mood logging, appointment 
scheduling, and machine-learning-based trend discovery. The 
proposed system provides separate interfaces for psychologists 
and patients, enabling clinicians to assign therapeutic activ-
ities such as journaling, cognitive behavioral exercises, and 
mindfulness tasks, while allowing patients to record completion 
status and submit well-being related inputs. To support broader 
clinical insight without compromising confidentiality, anonymized 
patient-generated data are processed using machine learning 
methods for aggregate pattern identification and trend visualiza-
tion. The implemented system uses Android Studio, Java, XML, 
Firebase Authentication, Firestore, Cloud Functions, and Python-
based analytics tools including scikit-learn and TensorFlow. A 
functional prototype consisting of interface management, task 
management, scheduling, and analytics modules has been devel-
oped. The work demonstrates how a privacy-aware, data-driven 
platform can enhance therapeutic engagement and support 
evidence-informed mental health practice. 

Index Terms—Mental health, Android application, task assign-
ment, mood tracking, journaling, machine learning, unsupervised 
learning, trend analysis, doctor–patient communication 

 

I. INTRODUCTION 

Mental health problems such as stress, anxiety, depression, 

emotional burnout, and behavioral instability are increas-

ingly affecting people across age groups. According to the 

World Health Organization (WHO), depression affects over 

280 million people globally, making it one of the leading 

causes of disability worldwide [1]. In conventional therapy 

settings, psychologists generally depend on scheduled sessions 

to assess patient progress. While such sessions are clinically 

valuable, they often provide only a partial snapshot of the 

patient’s condition. Emotional fluctuations, task compliance, 

daily routine changes, and self-reflective patterns occurring 

between appointments may not be consistently captured. 

Digital mental health systems have emerged as a practical 

way to extend care beyond face-to-face sessions. Mobile appli-

cations for mood logging, journaling, self-care support, chatbot 

interaction, and assessment have become common research 

and development areas [2], [3]. Prior work has explored mental 

health trackers, CBT-oriented chatbot systems, and journal-

plus-mood tracking systems with appointment and reporting 

support [4]–[6]. However, many solutions either focus only 

on self-monitoring or do not sufficiently connect patient-

generated data with psychologist-facing decision support. Re-

search indicates that patients are significantly more likely to 

maintain therapeutic engagement when digital reminders and 

structured check-ins are part of their routine [7]. 

To address this gap, this paper proposes MindTrack, an 

Android application that acts as a digital bridge between psy-

chologists and patients. The platform enables psychologists to 

assign therapy-related tasks, monitor task completion, review 

patient entries, and observe aggregated trends generated from 

anonymized user data. The goal is not automated diagnosis; 

rather, it is to provide continuous support, improve patient 

engagement, and help clinicians identify meaningful emotional 

or behavioral patterns across their caseload. 

The major contribution of this work is the integration 

of secure doctor–patient interaction with machine-learning-

driven trend analysis in a single platform. In addition to 

daily care support, the system emphasizes privacy through 

anonymization of analytical data, thereby balancing clinical 

utility and confidentiality. 

II. PROBLEM STATEMENT AND OBJECTIVES 

A. Problem Statement 

The current mental health care workflow is often session-

based and reactive. Psychologists have limited access to struc-

tured day-to-day patient data, and patients may struggle to 

maintain continuity in therapeutic exercises outside appoint-

ments. Studies suggest that approximately 50 % of patients 

with depression or anxiety discontinue prescribed behavioral 

exercises within the first two weeks if not actively monitored 

[8]. Therefore, there is a need for a secure digital platform that 

supports communication, task assignment, progress monitor-

ing, and discovery of meaningful trends from patient-generated 

data. 

B. Objectives 

The objectives of this work are as follows: 

1) To design and implement a user-friendly Android ap-

plication with separate dashboards for psychologists and 

patients. 

2) To enable secure task assignment from psychologist to 

patient with tracking of task completion. 
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3) To collect and manage patient-submitted information such 

as mood logs and journal entries in a secure manner. 

4) To apply anonymization and machine learning techniques 

for discovering trends in emotional patterns and behavioral 

data. 

5) To generate meaningful reports that support psychologists 

in identifying recurring issues and improving therapeutic 

planning. 

6) To provide appointment scheduling functionality for more 

seamless doctor–patient interaction. 

III. LITERATURE REVIEW 

Recent work in digital mental health highlights the growing 

importance of systems that support self-monitoring, jour-

naling, mood assessment, and clinician-connected reporting. 

A comprehensive review by Torous et al. [9] found that 

smartphone-based interventions significantly improved symp-

tom tracking adherence and clinical outcomes across multiple 

studies. 

PsychMatch proposed a mental health tracking platform 

that uses questionnaires, sentiment-related processing, user 

dashboards, and progress visualization to estimate user mental 

state and suggest activities for improvement [4]. The work 

emphasizes secure login, trend graphs, and doctor-linked 

recommendations, which aligns with the broader motivation 

behind continuous mental health monitoring systems. 

A more recent mental health tracker design integrated a 

CBT-based chatbot with NLP-driven emotion identification 

and privacy-aware activity suggestion [5]. That work high-

lighted both the usefulness and the limits of chatbot-assisted 

support, noting that these systems may lower barriers to 

seeking help but still require better evaluation standards and 

evidence of effectiveness. 

A journal and mood tracker system developed for 

professional–patient communication demonstrated the value 

of integrating assessment, scheduling, journaling, medication 

tracking, and reporting in a connected platform [6]. It partic-

ularly emphasized that clinicians benefit when patient updates 

are available between appointments rather than relying solely 

on memory during in-person sessions. 

Other conceptual and prototype-oriented efforts have ex-

plored the use of text responses, surveys, and optional be-

havioral metrics for detecting risks and generating actionable 

insights [10]. Design-focused work has also underlined user 

trust, low-effort tracking, transparent privacy controls, and 

context-sensitive interaction as central requirements for mental 

wellness applications [11]. 

Sharma et al. [12] demonstrated that passive sensing data 

from smartphones, including accelerometer and GPS traces, 

can be used to predict depressive episodes with moderate 

accuracy when combined with self-reported mood data. Burns 

et al. [13] developed a mobile CBT platform showing signifi-

cant improvement in patient-reported outcomes when therapist 

oversight was integrated into the digital system. 

Wang et al. [14] proposed a passive sensing framework 

using multiple phone sensors to track mental wellbeing among 

college students, underlining the potential of phone-based data 

collection for longitudinal mental health assessment. Mohr et 

al. [15] established a theoretical basis for harnessing technol-

ogy in behavioral health, emphasizing the need for evidence-

based design principles in digital mental health applications. 

These studies collectively show that current systems often 

include one or more of the following capabilities: mood 

tracking, journaling, chatbot support, assessment, task recom-

mendation, and reporting. However, fewer systems combine 

all of the following in one workflow: psychologist-led task 

assignment, patient compliance tracking, scheduling, secure 

data collection, and aggregate machine learning-based trend 

analysis. MindTrack addresses this integration gap. 

 

IV. PROPOSED SYSTEM 
 

A. System Overview 

MindTrack is designed as a doctor–patient mental health 

support system with two principal user roles: 

• Patient: receives assigned tasks, logs mood, writes journals, 

tracks progress, and books appointments. 

• Psychologist: assigns tasks, monitors patient progress, re-

views submitted data, and studies analytical reports. 

The system operates through a cloud-backed architecture 

in which patient and psychologist applications interact with 

a centralized backend. User activity and therapy-related data 

are stored securely and selectively processed for anonymized 

analysis. 

 

B. Architecture 

The major components of the proposed architecture are 

described below and illustrated in Fig. 1. 

1) Patient Application: used for task viewing, completion 

updates, mood tracking, journaling, and appointment re-

quests. 

2) Psychologist Application: used for task creation, patient 

monitoring, appointment management, and review of trend 

reports. 

3) Backend Server and Cloud Services: handles authentica-

tion, request routing, access control, and storage operations 

via Firebase Cloud Functions. 

4) Database Layer: Firestore NoSQL database stores user 

profiles, assigned tasks, task completion records, appoint-

ments, and patient-generated inputs. 

5) Data Anonymization Layer: removes personally iden-

tifiable attributes before analytical processing to ensure 

privacy compliance. 

6) Machine Learning Module: performs trend analysis on 

anonymized data to identify behavioral or emotional pat-

terns using scikit-learn and TensorFlow. 

7) Reporting Interface: presents analytical insights to psy-

chologists in a readable visual form using Matplotlib-

generated charts. 
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Fig. 1. MindTrack System Architecture Block Diagram 

 

V. METHODOLOGY 

A. Development Approach 

The system was developed using an Agile-inspired iterative 

methodology, with development organized into four sprints 

corresponding to the four primary functional modules. Each 

sprint involved requirement analysis, implementation, inter-

nal testing, and review. This approach allowed incremental 

refinement based on feedback and ensured each module was 

independently testable before integration. 

The implementation includes four completed modules: 

1) Patient/Psychologist Interface Module 

2) Task Management and Data Collection Module 

3) Scheduling Module 

4) ML-Based Data Analysis Module 

B. Data Flow 

The end-to-end data flow is summarized below: 

1) User registration and login are managed through Firebase 

Authentication, which generates secure JWT tokens for 

session management. 

2) Patient and psychologist actions are routed through appli-

cation logic and cloud functions. Firestore security rules 

enforce role-based access, ensuring patients cannot access 

other patients’ data. 

3) Data such as task records, mood logs, journals, and ap-

pointment details are stored in Firestore as structured JSON 

documents. Each document is timestamped for temporal 

trend analysis. 

4) Before analytics, selected data fields are anonymized. 

Personally identifiable information (name, contact, profile 

image) is stripped, and only behavioral and mood-related 

attributes are forwarded to the analytics pipeline. 

5) Python-based machine learning scripts hosted as Firebase 

Cloud Functions process the anonymized data. Batch pro-

cessing is triggered at configurable intervals or when data 

thresholds are met. 

6) Outputs such as trend summaries, cluster plots, and mood 

distribution charts are stored back in Firestore and rendered 

in the psychologist’s reporting dashboard. 

C. Machine Learning Approach 

The analytical component is intended for trend discovery 

rather than direct diagnosis. Given the absence of clini-

cally labeled outcome data, the project employs unsupervised 

learning methods. The primary technique used is K-Means 

clustering, which groups patients based on behavioral feature 

vectors derived from mood variability, task completion rate, 

journaling frequency, and appointment adherence. This allows 

the psychologist to identify cohorts of patients with similar 

behavioral profiles without requiring explicit diagnostic labels. 

In addition to clustering, the system computes temporal 

trend indicators using rolling-window statistics over mood 

log sequences. This produces weekly mood trend summaries 

visualized as line plots in the reporting dashboard. Future 

plans include deploying LSTM-based sequential models for 

predicting mood trajectory over a 7-day horizon, enabling 

proactive intervention suggestions. 

Potential analytical inputs include: 

• mood rating frequency and variability (scale of 1–10 per 

daily log), 

• task completion rates expressed as a weekly percentage, 
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• journal submission behavior including entry length and 

submission timing, 

• appointment frequency and cancellation patterns, 

• activity monitoring data from the smartphone accelerometer 

for movement pattern classification. 

D. Privacy Considerations 

Mental health data are highly sensitive. The design of Mind-

Track prioritizes privacy through: (1) authenticated access via 

Firebase Authentication with secure session tokens; (2) role-

based interfaces that restrict psychologists from reading raw 

journal text without patient consent flags; (3) protected cloud 

storage governed by Firestore security rules; (4) anonymiza-

tion of all data prior to aggregate analysis, removing name, 

email, and profile identifiers; and (5) strict separation between 

personal identity records and trend analysis outputs, which 

are stored in separate Firestore collections with no cross-

referencing links. 

E. Testing Strategy 

System testing was performed at three levels: unit testing 

of individual functions (authentication, task CRUD operations, 

mood log submissions); integration testing of module interac-

tions (e.g., psychologist assigning a task and patient receiving 

it in real time); and end-to-end testing of complete workflows 

on Android emulators running API levels 28 through 34. 

Firebase Local Emulator Suite was used to test Firestore rules 

and Cloud Functions in a sandboxed environment prior to 

production deployment. 

VI. IMPLEMENTATION DETAILS 

A. Software and Tools 

The technologies used in the project are listed in Table I. 

 
TABLE I 

TECHNOLOGY STACK USED IN MINDTRACK 
 

Layer Technology 

Frontend Android Studio, Java, XML 

Authentication Firebase Authentication 

Backend Logic Firebase Cloud Functions 

Database Firestore (NoSQL) 

ML and Analytics Python, scikit-learn, TensorFlow 

Visualization Matplotlib, MPAndroidChart 

Additional Processing Data anonymization pipeline 

Activity Monitoring Android Accelerometer API 
 

 

 

B. Completed Functional Modules 

1) Interface Module: This module manages registration, 

login, and role-specific dashboards for patients and psychol-

ogists. A role-selection screen at registration directs users 

to appropriate onboarding flows. Patient dashboards display 

pending tasks, mood history graphs, journal entries, and 

upcoming appointments. Psychologist dashboards present a 

patient list, task assignment forms, completion summaries, and 

the analytics reporting panel. 

2) Task Management and Data Collection Module: Psy-

chologists can create task templates (e.g., “Write a gratitude 

journal for 10 minutes”, “Complete a 5-minute breathing 

exercise”) and assign them with deadlines to specific patients. 

Patients receive push notifications via Firebase Cloud Mes-

saging when new tasks are assigned. Task status (pending, in-

progress, completed) is updated in real time and visible to the 

psychologist. All submitted responses are stored for progress 

tracking and later aggregate analysis. 

3) Scheduling Module: The scheduling module allows pa-

tients to view the psychologist’s available slots and book 

appointments directly. Psychologists can configure weekly 

availability through the dashboard. Appointment requests gen-

erate real-time Firestore notifications. Psychologists can con-

firm, reschedule, or cancel bookings. Confirmed appointments 

appear in both parties’ calendar views within the application. 

4) ML-Based Data Analysis Module: This module pro-

cesses anonymized user-generated health-related data to gener-

ate trend insights. K-Means clustering is applied to behavioral 

feature vectors. Weekly mood distribution plots are generated 

using Matplotlib and rendered in the psychologist’s reporting 

panel. Trend outputs are stored in a dedicated analytics col-

lection in Firestore, isolated from patient identity records. 

C. Enhancements Suggested Externally 

After external review, two important improvements were 

identified: 

• a patient dashboard and search module for doctor-side 

review of individual patient progress, completed activities, 

and per-patient analytics, 

• an activity monitoring module using the mobile accelerom-

eter to capture movement patterns and classify activity 

levels (sedentary, light, moderate), contributing additional 

behavioral features to the analytics pipeline. 

VII. RESULTS AND DISCUSSION 

The current outcome of the project is a functional prototype 

demonstrating the core workflow of a doctor–patient mental 

health support application. The system was evaluated through 

structured testing across all four modules on three Android 

devices running API levels 28, 31, and 34. All core features—

role-based access, task assignment and tracking, mood log-

ging, journal submission, appointment scheduling, and ML 

trend generation—were successfully validated. 

From the implementation perspective, the following out-

comes were achieved: 

• Separate user views for psychologists and patients were 

created with role-enforced navigation. 

• Task assignment and monitoring were implemented with 

real-time synchronization via Firestore listeners, with task-

to-receipt latency under 2 s in all test cases. 

• Patient-generated data storage and retrieval were integrated 

with cloud services, achieving an average read latency of 

0.8 s on standard 4G connections. 

• Appointment scheduling was successfully added, supporting 

end-to-end booking, confirmation, and calendar display. 

https://ijsrem.com/
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Concurrent booking attempts were handled without race 

conditions, verified through simultaneous multi-device test-

ing. 

• The machine learning analysis module was connected, 

generating K-Means cluster summaries and weekly mood 

distribution plots from simulated anonymized patient data. 

A sample mood distribution trend generated by the system 

is shown in Fig. 2. 

For the analytics module, K-Means clustering (k=3) was 

applied to a synthetic dataset of 50 anonymized patient 

records with five behavioral features each. Cluster assignments 

showed meaningful separation in the principal component 

analysis (PCA) projection, distinguishing high-engagement 

patients (frequent mood logs, high task completion) from low-

engagement and irregular-engagement groups. This differenti-

ation provides the psychologist with an actionable caseload 

overview without exposing individual patient identities. 

The project demonstrates a practical movement from a 

session-only care model to a more continuous monitoring 

model. First, psychologists can observe patient engagement 

outside the clinic through task completion and journaling 

behavior, reducing reliance on patient self-recall during ap-

pointments. Second, aggregate analytical insights may help 

identify recurring stress patterns or therapy adherence trends 

across patient groups, informing session planning and resource 

allocation. 

At the same time, the present system has limitations. The 

analytical component is positioned as a decision-support tool 

rather than a clinically validated predictor. The current pro-

totype has been tested with synthetic data; validation with 

real patient data under appropriate ethical approval is required 

before clinical deployment. The quality of outputs depends 

on the consistency of input data, responsible interpretation by 

trained clinicians, and strong privacy practices [5], [6]. The 

current work should therefore be understood as a continuity-

of-care platform that augments, rather than replaces, profes-

sional judgment. 

 

VIII. ADVANTAGES OF THE PROPOSED SYSTEM 
 

The key advantages of MindTrack are summarized below: 

1) Continuous care support: improves visibility into patient 

behavior between sessions, reducing the information gap 

at each appointment. 

2) Integrated workflow: combines communication, task 

management, scheduling, and analytics in a single platform, 

eliminating the need for disparate tools. 

3) Psychologist-centered insight generation: offers trend-

level behavioral summaries that support clinical reflection 

and caseload management. 

4) Patient engagement: encourages structured therapeutic 

participation through mobile interaction and push notifi-

cations. 

5) Privacy-aware design: employs anonymization and role-

based access control to protect sensitive mental health data. 

 

 
 

Fig. 2. Analysis of patient mood distribution over weekly periods 

 

 

IX. FUTURE SCOPE 

The future scope of the project includes three high-priority 

enhancements: 

• Wearable device integration for sleep quality, heart rate 

variability, and real-time physiological signals, providing 

richer passive sensing data to complement self-reported 

mood logs. 

• Natural language processing of journal entries using 

transformer-based models to extract sentiment polarity and 

emotional themes, enabling automated journal summaries 

for the psychologist’s review. 

• Predictive early-warning alerts using longitudinal mood 

and behavioral trends to flag patients at elevated risk of 

symptom deterioration, supporting proactive outreach and 

timely intervention. 

These additions should be developed with rigorous ethical 

safeguards, transparent model explanations, and independent 

clinical validation before deployment in production mental 

health settings. 

X. CONCLUSION 

This paper presented MindTrack, an Android-based doctor–

patient mental health task assignment and trend analysis 

system. The proposed platform addresses an important gap 

in conventional therapy by enabling continuous, structured 

interaction between psychologists and patients outside formal 

sessions. Through secure task assignment, journaling, mood 

tracking, appointment scheduling, and anonymized machine 

learning-based analysis, the system supports both patient en-

gagement and clinician awareness. 

https://ijsrem.com/
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The implemented prototype confirms the feasibility of 

combining mobile application development, cloud-based data 

management, and aggregate analytics within a privacy-aware 

mental health support platform. Testing across all four mod-

ules on multiple Android API levels demonstrated correct 

functional behavior, real-time data synchronization, and mean-

ingful ML-generated insights from anonymized data. The K-

Means clustering module successfully differentiated patient 

engagement profiles, and the weekly mood trend visualizations 

provide psychologists with an at-a-glance summary of patient 

wellbeing trajectories. 

While the present system is not intended for autonomous 

diagnosis, it offers a practical foundation for data-informed 

therapeutic support. The platform bridges the gap between 

periodic clinical sessions and continuous daily care, reducing 

patient reliance on memory during appointments and en-

abling psychologists to ground session discussions in objective 

behavioral data. The separation between personal identity 

records and analytical outputs ensures that privacy is preserved 

throughout the data lifecycle. 

With further validation using real patient data under ethi-

cal approval, expanded sensing through wearable integration, 

richer language analysis via NLP, and predictive alerting 

capabilities, MindTrack can evolve into a robust clinical-

assistive ecosystem for modern mental healthcare. The work 

presented here establishes a strong architectural and functional 

foundation for these future enhancements. 
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