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Abstract - Health advice online spreads faster than anyone
can check it, and a person holding a lab report or a worrying
symptom usually has to piece together help from several
unrelated tools. This paper describes a web application that
puts four of those jobs in one place: checking health claims,
giving general guidance on symptoms, reading uploaded
medical reports, and keeping a searchable personal record.
Claims are labelled SUPPORTED, CONTRADICTED or
UNCERTAIN by a TF-IDF and logistic regression classifier.
Where more evidence is needed, the system retrieves passages
with Sentence Transformers and FAISS, searches the web
through Tavily, and can query the Google Fact Check API. A
validator that runs independently of the language model then
scores the answer and flags low confidence. Symptoms are
matched against predefined rules, with Tesseract OCR reading
text from images. PDF and image reports are parsed with
PyPDF and Tesseract, and the measurements are stored in
SQLite. The interface uses React and Vite on a FastAPI
backend. Three worked examples demonstrate it. No
aggregate accuracy figures are reported, because a formal
benchmark has not yet been run. It gives general guidance
only and does not replace a clinician.

Key Words: Health Misinformation, Claim Verification,
Retrieval-Augmented Generation, FAISS, OCR, Personal
Health Records.

1. INTRODUCTION

Ask a search engine whether you really need eight glasses
of water a day and you will get a confident answer in under a
second. Ask again in different words and the answer may
change. Health information online behaves like this. There is a
great deal of it, the quality is uneven, and almost none of it is
sorted for the person who is reading [1], [2]. Generative Al has
made the problem bigger, because convincing but false text is
now cheap to produce [3].

Spotting a false claim is only half the job. A bare label such
as “false” rarely changes what someone believes. People also
need a short explanation they can follow and a source they can
open [4], [5]. Language models can write that explanation
fluently, but fluent is not the same as correct [6], and a medical
model can be pushed into repeating wrong facts [7]. An
assistant of this kind therefore has to lean on evidence that sits
outside the model, and it has to say so plainly when the
evidence is thin.

Claims are not the only health problem people bring to a
screen. Someone receives a blood test as a PDF, or as a
photograph of a printed sheet, and cannot tell which numbers
matter. Someone else types a few symptoms into a search box
and gets a list of frightening conditions. Last year’s results sit
in a different folder from this year’s. In practice each of these

needs its own tool, and none of the tools knows about the
others.

This paper describes a web application that handles these
jobs together. A user can type a health claim and receive a
verdict with the evidence behind it. They can describe
symptoms, in text or in a photo, and receive general guidance.
They can upload a report in PDF or image form and have its
test values pulled out and stored, and later they can search
those records. The claim classifier uses TF-IDF features with
logistic regression. Evidence comes from semantic retrieval
with Sentence Transformers and FAISS, web search through
Tavily and the Google Fact Check API. Groq and OpenRouter
supply the language model that drafts answers, and an
independent validator scores each result before it is shown.
The frontend is written in React with Vite and the backend in
Python with FastAPI.

The main contributions are as follows. First, we combine
claim verification, symptom guidance, report reading and
personal record keeping in one working application instead of
four separate tools. Second, we pair a light classifier with
retrieval and web evidence, and add a validation step that does
not depend on the language model. Third, every answer carries
its own evidence, a validation score and a disclaimer, and the
system returns UNCERTAIN when it cannot find support.
Finally, we describe the design, the testing approach and three
worked examples, including the places where the system gets
things wrong.

The rest of the paper is organised as follows. Section 2
reviews related work. Section 3 explains the methodology and
Section 4 the implementation. Section 5 covers testing, case
studies and discussion, Section 6 looks at safety and
transparency, and Section 7 concludes with limitations and
future scope.

2. RELATED WORK

2.1 Health misinformation online

Reviews of social media research agree that health
misinformation is common, although the exact share depends
on the platform, the topic and how it is measured [1]. Li et al.
[2] follow it from creation through spread to correction and
conclude that it keeps changing, which means any knowledge
source behind a detector needs regular updating. Skafle et al.
[8] studied COVID-19 vaccine posts and found the same
themes returning again and again, so a correction that answers
the specific theme is likely to work better than a plain “false”.
Van der Linden [5] makes a related point from psychology:
why people become receptive to a claim matters as much as
the claim itself.

2.2 Automated detection

Feng et al. [9] survey machine learning, deep learning and
knowledge-based detectors and list class imbalance,
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inconsistent annotation and differences between datasets as
recurring problems. Papanikou et al. [10] point out that many
methods depend on social-network signals, such as how a post
spreads. A stand-alone health tool has no such signals. That is
one reason we work from the claim text and the evidence, and
not from the user’s network.

2.3 Evidence-based fact checking and retrieval

Sarrouti et al. [11] retrieve supporting evidence and
compare it with a health claim, and show that choosing the
right evidence is a task of its own. Kotonya and Toni [12] go a
step further and generate an explanation alongside the verdict
on a public-health dataset. Cui et al. [13] bring in structured
medical knowledge, though keeping such a knowledge base
current takes steady effort. Cao et al. [14] use several model
reasoning stages to build evidence before verifying a claim, at
the price of more computation, and Bukar et al. [15] combine
retrieval from authoritative health sources with a transformer
classifier.

Retrieval-augmented generation [16] is the idea behind
most of these systems. Xiong et al. [17] benchmark it for
medicine and show that retrieval quality strongly affects the
final answer. Amugongo et al. [18] add a warning: retrieval
does not remove hallucination when the retrieved material is
poor.

2.4 Language models, chatbots and explanations

Wang and Zhang [19] review how large language models
are used in medicine and list hallucination, privacy and
reliability among the open problems. Han et al. [7] show that
targeted wrong facts can change a medical model’s behaviour
while it still performs normally elsewhere, and Wei et al. [6]
find that a convincing medical answer is not necessarily a
correct one. Healthcare chatbots can make information easier
to reach [20], and their replies can come across as empathetic
[21], but empathy is not clinical expertise. Surveys of
explainable Al [22], [23], [24] stress that users need
explanations they can understand. Sadeghi et al. add that an
explanation does not prove the prediction behind it is right,
which is why we show evidence next to the explanation and
not the explanation alone.

2.5 Symptom checkers

Wallace et al. [25] reviewed online symptom checkers and
found that their diagnostic and triage accuracy varies and that
they cannot be treated as a clinical assessment. We take that
finding at face value. Our symptom module offers possible
causes as general guidance, with a risk level and a disclaimer,
and nothing more.

2.6 Research gap

The literature has strong work on each of these tasks by
itself. What we could not easily find is a working application
that verifies a claim against retrieved evidence, scores its own
answer, gives careful symptom guidance, reads a user’s
medical reports and keeps them for later, all in one place. The
weaknesses that keep appearing, namely poor retrieval,
unreliable generated text and overconfident tools [6], [17],
[25], shaped our design: evidence before answers, a validator
that sits outside the language model, UNCERTAIN as an
allowed result, and a clear statement that the tool supports the
reader and does not diagnose.

3. PROPOSED METHODOLOGY

3.1 System architecture

The application follows a client-server design, shown in
Fig. 1. The React and Vite frontend collects claims, questions,
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symptoms and report files and talks to the backend through
REST calls. The FastAPI backend, run with Uvicorn and using
Pydantic models to validate requests, decides which module
should handle each request. Four modules sit behind it: health
claim verification, symptom analysis, medical report
processing and personal health records. A validation and safety
stage checks results before they go back to the user, and
SQLite holds the stored records. Tavily, Grog, OpenRouter
and the Google Fact Check API connect to the backend as
external services. API keys are read from environment
variables and are not written into the code.

Fig -1: Overall system architecture

Fig. 2 shows how a request moves through the backend. A
query is first checked against the existing dataset. If an answer
is found it is returned. If not, the language model drafts a
response and the system searches for sources. When no source
is found the result is UNCERTAIN, and otherwise the draft
receives a validation score and is returned. The same figure
shows the two other branches: stored personal information can
be passed to the language model as context, and an uploaded
report goes through OCR into the database. Fig. 3 lists the use
cases the interface supports.
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Fig -2: Flowchart of the system

Fig -3: Use case diagram of the system
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3.2 Health claim classification

A submitted claim is first cleaned and passed through a
health-domain filter, so that the classifier is only applied to text
that is actually about health. The text is then converted to TF-
IDF features [26]. In the form used by scikit-learn, the weight
of aterm 7 in a claim d is

wt, d)y=tt, ) x [ In((1+N)/ A +dfH))+1] (1)
where tf is how often the term appears in the claim, N is the
number of training claims and df(7) is the number of claims
that contain the term. A word found in almost every claim
therefore counts for little, while a specific medical term counts
for more. A multinomial logistic regression then gives the
probability of each label:

P(y=k|x)=exp(wix + by) / Zj exp(wj-x + bj) 2

The most probable label (SUPPORTED, CONTRADICTED
or UNCERTAIN) is reported, and the class probabilities give
the confidence value shown beside it. This pair is quick and
runs on an ordinary CPU, which suits an application meant for
modest hardware. Its limits are discussed in Section 5.5.

3.3 Evidence retrieval and validation

The classifier sees only the claim text, so it cannot know
what is true today. For that reason the system adds an evidence
path. Sentence Transformers [27] turn the claim and the stored
passages into vectors, and FAISS [28] returns the closest ones.
When the stored material is not enough, Tavily searches the
web, and the Google Fact Check API can be asked about
claims that fact-checkers have already reviewed. Groq and
OpenRouter are configured as language model providers, with
different models available for different jobs. The model reads
the retrieved evidence and drafts a short answer and a reason,
which the interface shows under “Why this verdict?”. Each
piece of supporting evidence is listed with a stance, for
example CONTRADICTS, and a relevance percentage,
together with links to the sources.

The validator is the part we care about most. It runs apart from
the language model, checks the evidence behind the draft and
returns a validation score and a status such as
LOW_CONFIDENCE. If the search finds nothing usable, the
result is UNCERTAIN instead of a guess. Keeping the
validator separate means that a fluent but unsupported draft
cannot vouch for itself.

3.4 Symptom analysis

The user types symptoms or uploads a picture that contains
them. For images, Tesseract [29] reads the text, and from there
the pipeline treats it like typed input. The symptoms are
matched against predefined symptom-condition rules. The
result lists a possible cause, a risk level, a short piece of
prevention advice and the number of symptoms detected.
Every result carries a note that it is not a medical diagnosis,
and the advice is to see a doctor if symptoms are severe,
getting worse or not improving. Because the rules are written
down, they can be read and checked line by line, which matters
for health advice.

3.5 Report processing and personal records

A report can be uploaded as PDF, PNG, JPG or WEBP, up
to 10 MB. Text is taken from PDFs with PyPDF. Images are
opened with Pillow and read with Tesseract. The backend then
looks for test names, values, units and reference ranges, and
gives each test a status of NORMAL, LOW, HIGH or
UNKNOWN. The rows are stored in SQLite and the uploaded
files are kept in a configured personal-reports folder. Users can
search stored reports by term (for example sugar, Vitamin D or
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glucose), read summaries, compare values across reports, and
ask questions that use the stored values as context. PDF
extraction, OCR and storage all run locally.

3.6 Safety rules

A few rules apply to every module. The system never states
a diagnosis; it says “possible” and gives guidance. When
evidence is missing or conflicting, it says so. When symptoms
look serious, it tells the user to see a professional. Inputs are
validated before processing, and configuration values such as
API keys are read from environment variables.

4. IMPLEMENTATION

4.1 Software

The backend is written in Python and the frontend in
JavaScript. Table 1 lists the tools used in each layer. Node.js
and npm are needed for the frontend, and Python with the
required packages for the backend. Windows, Linux and
macOS can all be used for development.

Table -1: Technology used in each layer

Layer Tools
Interface React, Vite
Backend FastAPI, Uvicorn, Pydantic, python-dotenv

Claim classifier scikit-learn (TF-IDF, logistic regression)

Retrieval Sentence Transformers, FAISS, Transformers

External services Tavily, Google Fact Check API, Groq,

OpenRouter
Reports and OCR | PyPDF, Pillow, Tesseract OCR
Storage SQLite
Testing pytest

DOI: 10.55041/IJSREM68626 |

4.2 Hardware and network

The application does not need special hardware. The
minimum we list is an Intel Core i3 processor at 1.9 GHz, a
64-bit operating system, 4 GB of RAM and 100 GB of disk
space. Users reach it from a phone, tablet or computer with a
modern browser. The machine that runs the backend needs the
Tesseract executable on its PATH to read image reports.
Internet access is needed only for the external services, while
PDF extraction, OCR and SQLite storage work without it.

4.3 Optional training pipeline

The project also contains a training pipeline for Qwen2.5-
0.5B-Instruct [30] with LoRA [31], meant for experiments
with healthcare response generation. It is switched off by
default and the main application does not depend on it. If it is
enabled, GPU training is supported. The evidence validator is
independent of this model, so changing or fine-tuning the
language model does not change how answers are checked.

4.4 Claim data

The classifier is trained on a labelled collection of health
claims. The size and sources of that collection have not been
documented in detail yet, so this paper gives no dataset
statistics. Building a larger and more varied claim set is the
first item on our list of future work.

5. TESTING, CASE STUDIES AND DISCUSSION

5.1 Testing approach

Testing looked at each module on its own and then at the
whole workflow, using valid, invalid and awkward inputs.
Table 2 summarises the six kinds of test. Backend components
are tested with pytest. Across all of them we paid special
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attention to safety behaviour: possible conditions must not be
shown as diagnoses, and weak or conflicting evidence must be
reported as uncertain.

Table -2: Kinds of test and what each one checks

Test ‘What it checks

Single functions: API handlers, symptom
matching, data processing, retrieval and validation

Unit

Frontend requests, FastAPI services, processing
modules, external services and the database
working together

Integration

Claim verification, symptom analysis, health

Functional . .
queries, report processing and personal records

Request validation, response structure and error
handling

Whether Sentence Transformers and FAISS return
relevant passages, and what happens when none
exist

API

Retrieval

No definitive diagnosis, no unsupported advice,
and sensible handling of missing or conflicting
evidence

Safety

This testing was about behaviour, not statistics. We have not
run a labelled benchmark, so we report no accuracy, precision
or recall for the classifier or the retrieval step. The three
examples below are real screens from the application. They
show what the system does, and they are not a measure of how
often it is right.

5.2 Worked example: a health claim

Fig. 4 shows the claim screen. We typed “do humans need
to drink 8 glass of water daily to stay alive”, exactly as it
appears on screen, typo included. The system returned
CONTRADICTED with a short answer: people do not have to
drink exactly eight glasses to survive, because needs vary and
food and other drinks count towards the total. Its “Why this
verdict?” note cited Institute of Medicine figures of about 2.7 L
a day for women and 3.7 L for men, from all fluids and food
together. Fig. 5 and Table 3 show the four evidence items. All
four were marked CONTRADICTS, with relevance between
85% and 95%, and four source links were given.

Mainfarmation Detection

Misindormation Detection

Fig -4: Claim entry screen and the result returned for the
water claim
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Fig -5: Supporting details and source links for the same claim

Table -3: Evidence items returned for the water claim
(paraphrased)

# | Stance Relevance | Point made

Total intake of 9-13 cups comes
from drinks and food; the 8-glass
figure was never meant as plain
water only

Institute of Medicine totals of 2.7
L (women) and 3.7 L (men); the
8-glass rule is arbitrary

1 | Contradicts 95%

2 | Contradicts 92%

Most people can ignore the rule if
they drink when thirsty and eat a
balanced diet

An easy target, but needs vary:
some people need less and some
more

3 | Contradicts 88%

4 | Contradicts 85%

One detail deserves attention. The verdict was clear and all
four items agreed, yet the validation score was only 47 and the
status read LOW_CONFIDENCE, with the reason “Evidence
is insufficient.” This shows that the validator works apart from
the model’s own confidence, which is what we intended. Of
the four links, two came from health systems, one was a video
page and one was a pharmacy blog, so the mix of sources may
have pulled the score down. We have not tested that
explanation, and finding out what drives the score is a task for
the next version.

5.3 Worked example: symptoms

Fig. 6 shows the symptom screen and one result. The input
was headache, body pain and throat pain. The system detected
three symptoms, named sinusitis as a possible cause, gave a
low risk level, and advised rest, fluids and seeing a doctor if
the symptoms were severe, worsening or not improving. No
image was supplied, so the OCR status read NO IMAGE
PROVIDED. The screen states clearly that the result is not a
medical diagnosis. Three loosely related symptoms can fit
many conditions, so the single cause named here is a starting
point and not an answer.
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Fig -6: Symptom checker screen and the assessment returned

5.4 Worked example: a medical report

Fig. 7 shows the records screen, where a report is uploaded
and stored reports are searched, and the test details extracted
from one blood report. Each row has a test name, a value, a
reference range and a status. The screen is useful, and it also
shows the weak spot of this module. Rows such as Phone and
Mobile appear as tests. Some names are garbled (Pov, Mev and
ROW stand for PCV, MCV and RDW). Some values and
ranges are plainly misread: the RBC count has a range of 14—
169, the MCV value is 7200, and the platelet count is
11,550,000. These are the kind of errors that OCR followed by
line-by-line parsing produces. Users should always compare
the extracted table with the original report.

Parsorsl health recaccs

Fig -7: Personal health records screen and the test details
extracted from a report

5.5 Discussion and limitations

Putting four tasks in one application has a practical benefit.
A user does not have to move between tools, and the claim
checker, the symptom module and the report reader all follow
the same rules about uncertainty and disclaimers. The limits
are just as real, and we would rather list them than hide them.
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First, there is no quantitative evaluation yet, and the claim data
is not described in detail. Second, a TF-IDF classifier sees
words and not meaning. A claim that uses the same words as a
true one but means the opposite can be misread, and a topic
that is missing from the training data will be handled poorly.
This is a main reason the system leans on evidence and a
validator. Third, answer quality depends on what the search
returns, and as the water example shows, source quality varies.
Fourth, the symptom rules cover only the conditions written
into them. Fifth, report parsing is fragile when the scan or the
layout is poor, as Fig. 7 shows. Finally, some features send text
to outside services, so claim and query text leaves the machine,
and stored report values would too if they were passed as
context to a hosted model. Users should be told this. The
system supports the reader and does not replace a doctor.

6. SAFETY AND TRANSPARENCY

Because the application deals with health, we treated
transparency as a feature and not as an afterthought. A claim
result shows the label, a detailed answer, the reason for the
verdict, the evidence with its stance and relevance, links to the
sources, and the validation score and status. A user who doubts
the verdict can open the sources and judge for themselves. The
explanation text is written by a language model, so on its own
it is not proof [23]. That is why the evidence and the validation
score sit right beside it.

Uncertainty is shown, not hidden. A claim with no usable
evidence returns UNCERTAIN, a weak evidence set returns a
low-confidence status, and symptom results always include a
disclaimer and advice to see a professional when symptoms are
serious. Reports and extracted values stay on the machine that
runs the application, apart from any text sent to the external
services discussed in Section 5.5. The validator is independent
of the language model, so a change of model provider does not
change how answers are judged.

7. CONCLUSION AND FUTURE SCOPE

This paper presented a web application that brings health
claim verification, symptom guidance, medical report reading
and personal record keeping into one place. A TF-IDF and
logistic regression classifier gives the first label, Sentence
Transformers, FAISS, Tavily and the Google Fact Check API
supply evidence, and a validator that is independent of the
language model scores the result. OCR and PDF parsing turn
reports into searchable records. The system can say
UNCERTAIN, shows its sources, and never presents a
possible condition as a diagnosis. It is meant to support readers
and not to replace clinical advice.

Much remains to be done. The first task is a proper evaluation,
with a larger and more varied claim set and measured accuracy
for the classifier, the retrieval step and the validator. We also
want to understand what drives the validation score, widen the
set of trusted evidence sources, and improve retrieval indexing
for complex questions. Report parsing needs the most care:
more report formats, better handling of poor scans, and checks
that catch values like the ones in Fig. 7. Personal records could
gain trend views over longer periods. The LoRA training
pipeline can be explored further while keeping the independent
validator, and additional validation rules can be added for
conflicting evidence.
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