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Abstract: Leukemia is a life-threatening hematological malignancy where early and accurate detection significantly
improves patient survival. Conventional diagnosis relies on manual microscopic examination of peripheral blood smears,
a process that is time-consuming, observer-dependent, and prone to error. This paper presents HemaSight Al, a four-
stage artificial intelligence pipeline for automated leukemia screening and post-transplant monitoring. Stage 1 applies
XGBoost to classify complete blood count (CBC) parameters, including 17+ extended markers such as SGOT, SGPT,
creatinine, potassium, chimerism, and GVHD status. Stage 2 employs a conditional generative adversarial network
(cGAN) to synthesize microscopic blood smear images alongside a ResNet18-based similarity engine that computes a
weighted four-metric match (semantic, color, structural, pixel). Stage 3 uses linear regression on longitudinal blood test
data to detect early signs of relapse before clinical symptoms appear. Stage 4 integrates Google Gemini via a multilingual
chatbot supporting seven languages. The platform is implemented using Next.js, FastAPI, Supabase, and PyTorch,
deployed entirely on free-tier infrastructure. Evaluation across 68 test cases achieved a 98.5% pass rate with sub-3-second
API response times. Results demonstrate that a low-cost, scalable, and clinically accessible Al tool can be built without
proprietary infrastructure.

Keywords: Leukemia detection, XGBoost, conditional GAN, ResNet18, time-series analysis, large language model,
medical Al, multilingual chatbot.

I.INTRODUCTION

Leukemia accounts for approximately 3% of all cancers and remains the most common childhood malignancy
worldwide [1]. The disease originates in the bone marrow and results in the uncontrolled proliferation of abnormal white
blood cells, impairing the body's ability to fight infection, carry oxygen, and control bleeding. According to the World
Health Organization, over 437,000 new leukemia cases and 309,000 related deaths were reported globally in 2022 [2].

The most reliable diagnostic method is manual microscopic examination of Wright-Giemsa-stained peripheral blood
smears. However, this approach has three critical limitations: (i) it is time-intensive, requiring trained hematologists, (ii)
it is subjective and prone to inter-observer variability, and (iii) it is largely inaccessible in resource-constrained regions
such as rural India, sub-Saharan Africa, and parts of Southeast Asia.

Recent advances in machine learning and deep learning have demonstrated promising results in automated
hematological analysis [3,4]. However, most existing systems address only a single diagnostic stage — either
classification of blood parameters or image-based cell identification — without an integrated end-to-end workflow.
Furthermore, few systems incorporate post-treatment relapse monitoring or provide patient-friendly explanations in local
languages.

This paper presents HemaSight Al, a comprehensive four-stage Al pipeline that addresses these gaps. The main
contributions are:

1. A multi-modal screening stage combining XGBoost on 17+ CBC parameters with rule-based class prediction (ALL,
AML, CLL, CML, Healthy).

2. A dual-image generation stage producing both a synthetic cGAN output and an algorithmic Wright-Giemsa render,
compared against a labeled dataset via a weighted four-metric imilarity function.

3. A longitudinal time-series analysis for early relapse detection in post-transplant patients.4. A multilingual LLM-
powered chatbot providing patient-friendly explanations in seven languages.

5. A complete deployment on free-tier cloud infrastructure (Vercel, Supabase, Hugging Face Spaces), demonstrating

accessibility without proprietary hardware.
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Il. RELATED WORK

[1] A. Machine Learning for Leukemia Detection

Several studies have applied classical machine learning to CBC data for leukemia screening. Ali et al. [5] achieved
92.3% accuracy using a Random Forest classifier on 5 CBC parameters. Sharma and Verma [6] reported 94.1% accuracy
with Support Vector Machines on pediatric blood data. XGBoost, a gradient-boosted decision tree algorithm, has shown
superior performance (94-96%) in comparative studies [7]. However, most models are trained on binary labels (healthy
vs. leukemic) without differentiating between leukemia subtypes.

[2] B. Deep Learning for Microscopic Image Analysis

Convolutional neural networks (CNNs) have been widely applied to blood cell image classification. Vogado et al. [8]
achieved 98.2% accuracy using a fine-tuned AlexNet on the ALL-IDB dataset. Acharya et al. [9] used a custom CNN
with data augmentation on the ASH image bank. Recent works have explored Vision Transformers [10] and ensemble
methods [11].

[3] C. Generative Models in Medical Imaging

Conditional GANs (cGANSs) have been applied to synthesize medical images for data augmentation and visualization.
Mirza and Osindero [12] introduced the cGAN framework, and subsequent works have adapted it to blood cell synthesis
[13] and anomaly detection [14]. However, few systems integrate GAN output with real dataset comparison for
explainability.

[4] D. Time-Series Analysis for Relapse Prediction

Relapse prediction in leukemia remains an emerging area. Bottcher et al. [15] applied recurrent neural networks to
detect molecular relapse from quantitative PCR data. Our work extends this by using linear regression with p-value
significance testing on routine CBC markers — a simpler but more clinically accessible approach.

[5] E.LLMsin Clinical Communication

Recent studies have explored GPT-4 and similar models for patient education [16, 17]. However, multilingual support
for Indian languages remains limited. Our system addresses this gap by integrating Google Gemini with language-specific
instruction enforcement.

Il. SYSTEM ARARCHITECTURE

{ J
Patient Doctor / Hematologist (
Gy (BY5 . B
l HTTPS | Supabase Auth

p . ( (Authentication)
- Presentation Layer — Next.js 14 (Vercel)

a Screening B Images .ll Monitoring ° Chatbot a Reports “&" Doctor Portal

1 ResTAPI
* Application Layer — 4 FastAPI Microservices (Hugging Face Spaces)

Stage 3: TimeSeries API
u 17862

Auth Flow

[ &

° Stage 4: Chatbot AP! | gy cp| oo oo

Stage 1: XGBoost API Stage 2: cGAN API
7860 g 7861 7863 (External Service)
Blood Screening Image Generation Relapse Analysis Multilingual Al e
l Model Inference l Read/Write
@ Al / ML Layer
- \ ([ \ : \ Layer Legend
XGBoost cGAN | @ ResNet18 SciPy [a Gemini LLM Users
Risk Prediction Image Generation [ v Feature Extraction Signal Processing | Medical RAG D Bresartation
[:] Application
g Data Layer — Supabase (PostgreSQL + Auth + Storage) @ am
-<» fea~3 T2 ; . =) ; @ Data
E profiles g blood_tests E microscopic_images E chat_history =

Figure 1: System architecture of HemaSight Al showing the four-tier design.
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HemaSight Al follows a four-tier client-server architecture (Fig. 1):

Presentation Layer — Next.js 14, TypeScript, Tailwind CSS (deployed on Vercel)

Application Layer — 4 FastAPI microservices (XGBoost, cGAN, TimeSeries, Chatbot) on Hugging Face Spaces
Data Layer — Supabase (PostgreSQL + Auth + Storage + RLS)

Al/ML Layer — XGBoost, cCGAN, ResNet18, SciPy, Google Gemini

A. Frontend Architecture
The frontend uses Next.js 14 App Router with server-side rendering for improved initial load times. State
management is handled via React hooks, and dark mode is implemented through Tailwind CSS class toggling with
localStorage persistence. TypeScript ensures type safety across API contracts.

B. Backend Microservices
Each of the four Al stages is deployed as an independent FastAPI service in a Docker container. This design choice
enables:
Independent scaling of compute-heavy services (CGAN).
e Fault isolation — failure in one stage does not affect others.
e Language and framework flexibility per service.
e  Free-tier deployment on Hugging Face Spaces.

C. Database Design
Supabase PostgreSQL stores six tables: profiles, blood_tests, microscopic_images, analysis_sessions,
chat_history, and dataset_references. Row Level Security (RLS) ensures patients can only access their own data,
while doctors can read all patient records. A PostgreSQL trigger auto-creates a profile upon user signup, and a
SECURITY DEFINER helper function prevents recursive policy evaluation.

D. Al Model Layer

XGBoost — gradient-boosted trees for tabular CBC classification

cGAN — convolutional generator-discriminator pair for image synthesis
ResNet18 — pretrained CNN for feature extraction

SciPy — linear regression for trend analysis

Google Gemini — LLM for natural language generation

IV.METHODOLOGY

A. Stage 1 — XGBoost Blood Test Screening

Input: 17+ CBC parameters (WBC, RBC, hemoglobin, platelets, blast percentage, total count, differential counts,
RDW, SGOT, SGPT, creatinine, potassium, chimerism, GVHD).

The XGBoost classifier is trained on a synthetic dataset of 1,000 samples (500 healthy, 500 leukemic) generated with
clinically plausible distributions. The model outputs a risk probability p € [0,1]; a threshold of 0.5 determines binary risk
flag.

A rule-based post-processor then assigns a specific class:

if blast <5 and WBC < 11 and PLT > 150: class = Healthy

elif blast = 20 and WBC > 20: class = AML
elif blast = 20: class = ALL
elif WBC > 15 and PLT < 200: class = CML
elif WBC > 15: class=CLL
else: class = AML

Extended clinical flags are computed for organ function (SGOT > 40, SGPT > 45, creatinine > 1.3), electrolyte
imbalance (K < 3.0 or K > 5.5), GVHD detection, and chimerism decline (< 95%).

B. Stage 2 — cGAN Image Generation and Similarity
The cGAN uses:
e  Generator: 4-layer convolutional network with batch normalization and upsampling
e  Condition vector: 5-dim one-hot class encoding
e Latent dimension: 100
e Output: 128 x 128 RGB image
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At startup, the API precomputes ResNet18 embeddings for up to 2,000 images per class in dataset_images/. At
inference:
1. cGAN generates image G(z, c) for class ¢
2. ResNet18 extracts a 512-dim feature vector from G(z, c)
3. Cosine similarity search finds the nearest dataset image
4. Four metrics are computed against that image

Metric Weight Description
Feature cosine 0.40 Semantic similarity
Color histogram 0.25 Stain/tint match
SSIM 0.20 Structural similarity
Pixel MAE 0.15 Raw pixel closeness

Table 1: Similarity Metrics and Weights
Overall Similarity =0.40-F + 0.25-C + 0.20-S + 0.15-P

Table 1 shows the four weighted metrics used to compute overall image similarity. Weights reflect diagnostic
importance — semantic features (40%) dominate, followed by color (25%), structure (20%), and pixel closeness (15%).

C. Stage 3 — Time-Series Relapse Detection
Given >3 historical blood tests, linear regression is fitted to each marker:
yi=po0+p1-ti+tse

Slope B: and p-value are computed via scipy.stats.linregress. Relapse risk is derived from:
risk = 0.4-f(blast_slope) + 0.2-f(WBC _slope) + 0.2-f(Hgb_slope) + 0.2-f(PLT_slope)
Outliers are detected via |z-score| > 2.

D. Stage 4 — Multilingual Chatbot
Google Gemini is called with a system prompt enforcing:
e Response strictly in the selected language
e Simple, non-technical language
¢ No diagnosis, always recommend consulting a doctor
e Reply under 150 words, no markdown
A fallback chain across up to 5 Gemini models ensures resilience against overload (HTTP 503) and retirement
(HTTP 404).

E. Security
Row Level Security policies on all tables restrict data access. The authentication flow uses Supabase Auth with
email/password, and sensitive keys are stored in environment variables (never committed to version control).
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Figure 2: The four-stage Al workflow of HemaSight Al.

V. IMPLEMENTATION

A. Technology Stack

Layer Technology

Frontend Next.js 14, TypeScript, Tailwind CSS

Backend Python 3.11, FastAPI, Uvicorn

Database Supabase (PostgreSQL 15)

Auth Supabase Auth (email/password)

Storage Supabase Storage

Al Models XGBoost 2.0, PyTorch 2.2, scikit-learn 1.4

LLM Google Gemini 3.8 Flash

Deployment Vercel (frontend), Hugging Face Spaces (backend)

Table 2: Layered Technology Stack

Table 2 lists the technologies powering each layer of HemaSight Al — from Next.js on the frontend and FastAPI on
the backend, to Supabase for data, PyTorch for ML models, and Google Gemini for LLM-driven explanations.
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B. Key Implementation Details

1. Database trigger for auto-profile creation:
sl
CREATE TRIGGER on_auth_user_created
AFTER INSERT ON auth.users
FOR EACH ROW EXECUTE FUNCTION public.handle_new_user();

2. Non-recursive RLS using SECURITY DEFINER:
sl
CREATE FUNCTION public.is_doctor_or_admin()
RETURNS BOOLEAN LANGUAGE sql SECURITY DEFINER AS $$
SELECT EXISTS (SELECT 1 FROM profiles
WHERE id = auth.uid()
AND role IN ('doctor','admin’));

3. OCR pipeline using Tesseract.js extracts CBC values from photos/PDFs of lab reports via regex patterns.
4. Wright-Giemsa renderer in Python (Pillow) mirrors the TypeScript canvas version for server-side fallback.

C. Deployment Configuration
e Frontend (Vercel): Root Directory = frontend, 6 NEXT_PUBLIC_* environment variables
e Backend (Hugging Face Spaces): Docker SDK, port 7860 per service
e Database (Supabase): Region ap-south-1 (Mumbai), RLS enabled, storage bucket microscopic-images

V1. RESULTS AND EVALUATION
A. Model Performance

XGBoost Classifier:

Metric Value
Training samples 1,000
Test samples 200
Accuracy 99.0%
Precision 0.99
Recall 0.99
F1-Score 0.99

Table 3: Performance of the XGBoost Screening Classifier on Test Data

Table 3 presents the performance of the XGBoost classifier used in Stage 1 of HemaSight Al. The model was trained
on 1,000 synthetic CBC samples (500 healthy, 500 leukemic) and evaluated on a held-out test set of 200 samples. It
achieved an accuracy of 99.0% with precision, recall, and F1-score all at 0.99, indicating balanced performance across
both classes without bias toward either healthy or leukemic predictions.
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Figure 3: Receiver Operating Characteristic (ROC) curve of the XGBoost classifier on the 2000-sample test set.

Similarity Metrics (typical values):

Metric Untrained cGAN Trained cGAN (expected)
Feature cosine 62.3% 75%+
Color histogram 71.9% 80%-+
SSIM 41.1% 55%+
Pixel MAE 28.6% 45%-+
Overall weighted 55.4% 70%-+

Table 4: Expected Improvement in Image Similarity with Trained cGAN

Table 4 compares image similarity scores obtained with the current untrained cGAN prototype against projected values
from a fully trained model. The untrained prototype achieves an overall weighted similarity of 55.4%, driven primarily
by color match (71.9%), since untrained generators default to average stain colors. With proper training on the blood cell
dataset, semantic feature similarity is projected to rise from 62.3% to 75%-+, and the overall score is expected to exceed
70% — the acceptable threshold for clinical visualization.
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Figure 4: Similarity breakdown of a generated AML image compared against its closest dataset match, shown for
both the current untrained cGAN prototype and the projected trained model.

Figure 4 presents the weighted multi-metric similarity breakdown for cGAN-generated images compared against their
closest dataset matches. Four complementary metrics contribute to the overall score: feature-based cosine similarity (40%
weight), color histogram correlation (25%), structural similarity / SSIM (20%), and pixel-level mean absolute error
(15%). The chart compares two scenarios — the current untrained cGAN prototype (blue bars) and a projected fully
trained model (orange bars).

For the untrained model, the overall weighted similarity reaches 55.4%, driven primarily by color histogram match at
71.9%. This pattern is characteristic of untrained GANSs: without sufficient training, the generator defaults to average
colors from the training distribution rather than learning fine-grained structural details. As a result, semantic feature
similarity (62.3%) is moderate and structural SSIM (41.1%) and pixel match (28.6%) are notably weak.

After proper training on the ALL-IDB and ASH blood cell datasets, all four metrics are projected to improve — feature
cosine to 78%, color to 82%, structural SSIM to 58%, and pixel MAE to 48%. The largest relative gains occur in structural
(+16.9 percentage points) and pixel (+19.4 points) similarity, reflecting the model's ability to learn actual cell morphology
rather than merely matching mean colors. The overall weighted similarity is projected to reach 70.5%, crossing the 70%
clinical acceptance threshold (indicated by the dashed line). This result would establish the cGAN output as clinically
meaningful for visual comparison against real dataset images.

C. API Response Times

Endpoint Response Time
XGBoost /predict ~200 ms

CcGAN /generate (first call) ~3s

cGAN /generate (cached) ~500 ms
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Endpoint Response Time
TimeSeries /analyze ~150 ms
Chatbot /chat (Groq) ~400 ms
Chatbot /chat (Gemini) ~25s

Table 5: Measured Latency of HemaSight Al Backend Endpoints

Table 5 shows API latency across the four microservices. XGBoost, TimeSeries, and Grog-based chatbot calls respond
in under 500 ms, while cGAN first-call generation takes ~3 s and Gemini-based chatbot responses take ~2.5 s.

D. System Testing

Metric Result
Total test cases 68
Passed 67
Failed 1

Pass rate 98.5%

Table 6: Aggregate Test Case Results Across All Modules
Table 6 summarizes the results of the system testing phase, during which 68 test cases were executed across all
modules. Of these, 67 passed and 1 failed, yielding a pass rate of 98.5%. The single failure was a known limitation —
chat history is not persisted between sessions — and does not affect any diagnostic functionality.

E. Test Coverage by Module

Module Test Cases Pass Rate
Authentication 11 100%
Screening 14 100%
Image Visualization 8 100%
Monitoring 6 100%
Chatbot 11 90.9%
PDF Report 4 100%
Doctor Dashboard 5 100%
Security 4 100%
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Module Test Cases Pass Rate

Ul / Cross-Device 5 100%

Table 7: Distribution of Test Cases Across Functional Modules

Table 7 breaks down the 68 test cases across nine functional modules. Screening received the most coverage (14 test
cases), followed by Authentication and Chatbot (11 each), reflecting their critical role in the platform. All modules
achieved a 100% pass rate except Chatbot, which scored 90.9% due to the single failure in chat-history persistence.
Security — covering RLS isolation, SQL injection prevention, and role-based access — achieved a perfect 100% pass
rate.

F. Comparative Analysis

Study Method Accuracy
Alietal. [5] Random Forest 92.3%
Sharma & Verma [6] SVM 94.1%
Vogado et al. [8] AlexNet CNN 98.2%
Proposed XGBoost + Rules 99.0%

Table 8: Comparative Analysis with Prior Leukemia Detection Studies

Table 8 compares the screening accuracy of HemaSight Al against three prior studies on leukemia detection. Our
XGBoost + rule-based approach achieves 99.0% accuracy, outperforming Random Forest (92.3%), SVM (94.1%), and
even AlexNet CNN (98.2%). While these prior studies focus on single-task classification, our approach integrates a
screening stage within a broader four-stage pipeline, making the comparison indicative of relative model strength rather
than absolute superiority.

G. Sample Test Predictions

Sample WBC Blast % Predicted Risk
Healthy 7.2 1.2 Healthy 3.2%
AML 48.5 72 AML 99.8%
ALL 15.3 58 ALL 96.4%
CLL 32.0 8 CLL 78.1%
CML 85.0 12 CML 81.5%

Table 9: Classification Results for Five Representative CBC Samples

Table 9 presents predictions for five representative CBC samples, one from each target class. The model correctly
classified all five cases, with risk scores aligned to clinical severity — 3.2% for the healthy sample, 78-99% for the four
leukemic subtypes. The highest scores (99.8% for AML, 96.4% for ALL) correspond to the most aggressive acute
leukemias, demonstrating that the model captures the relationship between blast percentage and disease severity.
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VII. DISCUSSION

The results demonstrate three key findings:

1. Multi-stage Al pipelines outperform single-model approaches. By combining tabular (XGBoost), image (cGAN +
ResNet18), and temporal (regression) signals, the system achieves broader diagnostic coverage than any single
method.

2. Free-tier deployment is sufficient for clinical prototyping. The entire stack — frontend, database, and four Al APIs
— runs on Vercel, Supabase, and Hugging Face without cost, proving that accessibility is achievable without
investment.

3. Multilingual LLM integration closes the patient education gap. Supporting 7 languages (including 4 Indian regional
languages) makes complex medical information accessible to non-English-speaking patients — a critical
requirement in the Indian healthcare context.

The similarity scoring framework provides transparency: instead of a black-box classifier, users see exactly why two
images match, broken down by semantic, color, structural, and pixel metrics.

VIII. LIMITATIONS AND FUTURE WORK

A. Limitations
1. The cGAN is currently a prototype and requires proper training on the full blood cell dataset (~100 epochs on
GPU).
2. XGBoost was trained on synthetic data; real-world validation on hospital datasets is pending.
3. Chat history is not persisted between sessions.
4. The system has not undergone clinical validation or received medical device certification.

B. Future Work

Train cGAN on ALL-IDB and ASH datasets with GPU acceleration.
Clinical validation with partner hematology centers.

Mobile app development (React Native) with offline support.
ABHA (India's national health ID) integration.

Two-factor authentication and HIPAA/DPDP compliance.
WhatsApp chatbot for wider patient reach.

Extension to other blood disorders (anemia, thalassemia).

Federated learning across hospitals to preserve privacy.

N~ wWNE

IX. CONCLUSION

This paper presented HemaSight Al, a four-stage Al pipeline for automated leukemia detection and post-transplant
monitoring. The system integrates XGBoost screening, cGAN image generation, ResNet18 similarity analysis, time-
series relapse detection, and a multilingual LLM chatbot into a coherent workflow deployed entirely on free-tier
infrastructure. Evaluation across 68 test cases demonstrated a 98.5% pass rate with sub-3-second API response times and
an XGBoost accuracy of 99%. The project establishes that advanced medical Al can be built accessibly, making early
leukemia detection feasible in resource-constrained settings. Future work will focus on cGAN training, clinical
validation, and mobile deployment.
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