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Correctly diagnosing diseases from patient-reported symptoms is challenging due to vague and overlapping symptom de-
scriptions. In this study, we evaluated whether a fine-tuned T5-small transformer model could accurately predict diseases
from natural-language symptom descriptions. We hypothesized that training a lightweight sequence-to-sequence model on a
structured symptom–disease dataset reformatted into text-based prompts would achieve high diagnostic accuracy. The model
was trained for two epochs on a curated dataset containing 41 disease classes and evaluated on a held-out test set. This
fine-tuned model achieved 99.8% exact-match accuracy. These results suggest that transformer-based models can effectively
learn symptom–disease mappings, but the experimental design underscores the importance of richer clinical features, dataset
quality, model interpretability, and external validation before real-world deployment.
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Introduction

A painfully intractable question in medical practice concerns
how well one can diagnose a disease based on the symptoms
as reported by a patient, as they tend to be sketchy, often in-
consistent, and detailed in unstructured natural language1,2.
Irrespective of whether the process is executed by medical
practitioners themselves or by computers, this makes the task
of mapping the natural-language description of symptoms to
underlying diseases arduous, and may also underlie cases of
misdiagnosis and over-investigation3,4. The problem is fur-
ther exacerbated when diseases have more than one symptom,
as the number of possible errors is then increased, and the very
nature of the problem can constitute a health hazard to pa-
tients5. With the rise of telemedicine and online self-disease
checkers, the need to develop reliable and robust tools that can
make sense of patient-reported symptom descriptions has be-
come an even more pressing concern6,7.

Recent progress in transformer-based language models has
made them strong candidates for symptom-driven diagnostic
prognosis. Singhal et al. demonstrated that large language
models are capable of acquiring a significant portion of clin-
ical knowledge and have good performance on medical di-
agnostic reasoning tasks, which would suggest their useful-
ness in the context of clinical decision-making8. Indeed, they
can be used to train associations between symptom descrip-
tion and disease diagnosis and to generate lists of possible
diagnoses in a way that could help clinicians rather than re-
place their decision-making skills. Previous papers have also
shown how the Transformer architecture could be beneficial

1 Lufkin High School, Texas, US

in medical diagnosis. Hassan et al. compared various lan-
guage models to classify diseases of patients based on symp-
tom descriptions and reported good performances for several
transformer-based models, among which MCN-BERT9. Chen
et al. proposed the use of DxFormer, an architecture based on
transformer-based language model that relies on a dense rep-
resentation of the symptoms to decouple the task of symptom
inquiry from the task of symptom diagnosis10. Wang et al.
trained a generative model, called CoAD, designed to gener-
ate symptoms and to make predictions about disease diagnosis
simultaneously, in order to reinforce the diagnostic reasoning
process11. Tomar et al. integrated structured medical knowl-
edge within the framework of a Transformer-based language
model by building a symptom–disease knowledge graph and
obtained an improvement in the task of disease identification,
while also enhancing the interpretability and the clinical use-
fulness of the model12. In a more general review about the
use of large language models in clinical diagnosis, Zhang et
al. obtained promising results using transformer-based mod-
els, and highlighted the importance of making the decisions
explainable to patients and validating these models on real-
world clinical data13.

Modern medical natural language processing techniques
are to a large extent thanks to the Transformer model pre-
sented by Vaswani et al., that put forward the use of self-
attention as a compelling alternative to recurrent neural net-
works for sequence modeling14. Raffel et al. soon after
presented T5, where a multitude of different NLP tasks can
be expressed in a single text-to-text paradigm15. The use of
large language models to perform multiple tasks in response
to a natural language instruction was then demonstrated by
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Brown et al.16. Previous works had already shown how ma-
chine learning and NLP techniques can be used to identify
disease phenotypes and retrieve clinically-relevant informa-
tion from patient electronic records, highlighting the grow-
ing importance of machine learning techniques for diagnos-
tic assistance in clinical settings17. ClinicalBERT then further
demonstrated how a model trained on clinical text data can
be taught to acquire representations that could be employed
for healthcare-related predictive tasks18. Deep learning tech-
niques have also been used successfully to tackle the task of
predicting medical codes and associated classification tasks,
which again is evidence that diseases might be classified us-
ing textual data19. More recently, the T5 architecture has been
modified to deal with biomedical natural language processing
tasks; ClinicalT5, for example, showed that a domain-specific
pretraining could lead to performance gains for a variety of
clinical language-processing tasks20.

A more general review of the literature on the use of ar-
tificial intelligence methods in medicine highlights that it is
generally presented as a way of augmenting clinical judge-
ment and enhancing the delivery of health services while re-
taining physician supervision21. For instance, Liu et al. found
that deep learning models achieved diagnostic performance
comparable to healthcare professionals in detecting diseases
from medical images, although limited external validation and
weaknesses in study reporting constrained the interpretation
of these findings22. Other researchers have pointed out, how-
ever, that large language models developed for use in clinical
settings need to be carefully assessed using rigorous evalua-
tion techniques, human oversight, and thorough performance
metrics23. A systematic review by Busch et al. highlighted the
potential of large language models in patient care while iden-
tifying limitations in reliability and explainability and empha-
sizing the need for expert supervision and validation of model
outputs24. Cho et al. provided a more expansive overview of
the field, tracking the growing use of Transformer-based lan-
guage models in the context of disease prediction, clinical de-
cision support, and other medical healthcare-related tasks25.

Despite these advancements, a majority of leading ap-
proaches depend on large models or elaborate, multi-stage
pipelines. Thus, the performance of lightweight generative
architectures in resource-constrained environments remains
relatively unexplored. It is especially uncertain whether a
comparatively small sequence-to-sequence model such as T5-
small can achieve high diagnostic accuracy when trained on
structured symptom–disease pairs recast as natural-language
prompts. By investigating this question, we may contribute to
the development of more accessible diagnostic tools for ed-
ucational settings, low-power computing environments, and
smaller clinical practices.

We hypothesized that fine-tuning a T5-small sequence-
to-sequence model on a structured symptom–disease dataset

reformatted into natural-language input–output pairs would
achieve high diagnostic performance, with test-set exact-
match accuracy exceeding 90% in predicting disease labels
from symptom descriptions.

Methods

Dataset Preparation

The dataset was retrieved from Kaggle, consisting of 4921
rows and 133 columns, with each column referring to a spe-
cific symptom out of a total of 132 possible symptoms, and
each row referring to a certain classification out of a potential
41 diseases, save for the first row, which provides labels for
all the symptoms. The dataset is titled “Health Symptoms and
Disease Prediction Dataset”. No disease classes were removed
during preprocessing. The dataset was updated recently, the
old version of this dataset was used for this project. The per-
class counts are listed below in the output from the console
(See Figure 1)

Additionally, there are 304 unique symptom combinations.
Console output showing the number of samples associated

with each of the 41 disease classes prior to train–test splitting.
The dataset contained equal representation across all disease
categories, with each class contributing the same number of
records. This distribution was used to verify class balance be-
fore model training and evaluation.

The model selected was a T5-small parameter-efficient
sequence-to-sequence transformer consisting of ˜60M param-
eters. T5 was chosen over larger models due to its desirable
balance between parameter size and state-of-the-art text to text
generation power. As T5 uses a generative formulation, the
disease prediction task was framed as a conditional generation
problem where the input sequence was the patient’s symptoms
and the output sequence was the patient’s corresponding dis-
ease. However, in order to maximize model performance, the
dataset had to be reformatted to conform with the input-output
pairs for a “text-in, text-out” T5 formulation. Each sample
was formatted as a prompt template (“The symptoms are. . . ”).
The Kaggle data does not include free-form clinical narratives;
however, it does provide binary symptom values. In order to
use sequence-to-sequence training with T5, each symptom’s
binary value had to be converted to a natural language state-
ment (i.e. “The symptoms are fatigue, yellowish skin, nau-
sea”). However, this study thus evaluates disease prediction
not from real clinical language as written by doctors, but rather
from curated disease-prediction symptom-disease data in text
form. Regardless, disease labels may have varying spellings
or small variations within the text itself so the model was
not guaranteed to generate exactly the disease name, creating
challenges in evaluation with direct string matching.

Despite its popularity as a benchmark dataset for disease
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Figure. 1 Distribution of disease classes in the Health Symptoms
and Disease Prediction Dataset.

prediction, the data set lacks evidence in its documentation
that the data derives from actual clinical encounters. Accord-
ingly, the findings in this study should be interpreted as assay-
ing disease prediction from curated symptom-disease associa-
tions rather than as from real clinical language. The data was
split in training and testing sets to test model generalization;
model training used the subset of the data and the held-out
subset was only used for testing. In order to avoid 0-shot pre-
diction on diseases only seen in the test set, the training data
was made to be very similar to the test data in terms of dis-
ease labels in the test set. This was achieved by setting the
random-state parameter for data partitioning to be 42. The fi-
nal training-testing split ended up being 80% training and 20%
testing (See Figure 2). No separate validation set was used. In
future studies, it is important to reserve a validation partition
for hyperparameter training and early stopping.

Bar chart showing the number of samples per disease used
in the training (blue) and testing (orange) subsets. The dataset

Figure. 2 Distribution of training and testing samples across disease
classes.

was split using an 80:20 train–test ratio with a fixed random
state of 42 to ensure consistent class representation across both
subsets. All disease classes included samples in both parti-
tions, preventing zero-shot prediction scenarios.

train_df, test_df = train_test_split(
df,
test_size=0.2,
random_state=42,
stratify=df["target_text"]
# keeps label distribution similar in
both splits

)

Model Architecture

The model selected for fine-tuning was T5-small, a parameter-
efficient encoder–decoder transformer containing approxi-
mately 60 million parameters. This model was chosen to bal-
ance predictive capability with computational accessibility in
a Google Colab environment12. Local development was per-
formed on a 2020 MacBook Pro with a 1.2 GHz Quad-Core
Intel Core i7 processor and 16 GB RAM.

26
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Training Procedure

The datasets were tokenized using T5TokenizerFast with
the following parameters: input max length = 128, output
max length = 16, padding = “max length” and truncation =
True. These parameters were used to allow for standardized
input and output lengths that can be trained in a batch, but
also prevent a too long input for the symptoms. The tok-
enized datasets were then transformed into Dataset objects as
is done on HuggingFace and mapped to include the encoder
inputs and the decoder labels. The model was fine tuned using
the API for the sequence to sequence trainer on HuggingFace,
with the following hyper parameters: learning rate: 3×10−4,
batch size: 8 per device, number of epochs: 2, weight declay:
0.01, logging interval: 50 steps, and maximum model check-
points stored: 2. All the models were run with the T5-small
model with “conditional generation” loaded and gradient was
updated only using the training subset of the data.

Following fine tuning, a prediction for each sample was
obtained by running the model with each input sample
in the test subset, using Hugging Face’s generate() func-
tion, with the parameters: num beams=4, max length=20,
early stopping=True, lenghth penalty=1.0. A helper function
was made that took as an input the model prediction to then
decode into plain text and eliminate the special tokens. Due
the nature that T5 produces free form text and not fix categori-
cal classes, evaluating correct predictions is difficult. A simple
string matching criterion was implemented as first pass eval-
uation: the generated predictions were lower-cased, stripped,
and then exactly compared against the true diagnosis. The pre-
dictions were assessed by using: exact-match accuracy, which
is a proportion of test samples that generated exactly the gold
label. The disease labels were standardized before training.
Exact-match accuracy is selected because it is the easiest to
evaluate given all of the disease labels. Albeit the model was
implemented using a text-generation framework, the task is
functionally a closed-set disease classification problem since
all outputs match to one of 41 labels.

Results

This experiment evaluated whether a fine-tuned T5-small
sequence-to-sequence model could accurately generate dis-
ease predictions from natural-language symptom descriptions.
Because the dataset consisted of structured symptom–disease
pairs, testing the model on unseen symptom descriptions pro-
vided a direct way to determine how well the model general-
ized to new inputs.

The model was trained via the procedure discussed in Meth-
ods. This model reached a 99.8% testing accuracy, failing 2 of
984 test cases, where it predicted Chronic Cholestasis instead
of Hepatitis C. A later run on this exact same model, with none

of the arguments changed, resulted in a 100% testing accuracy.
Per-class precision, recall, and F1 scores were computed using
this second checkpoint.. These metrics are presented to char-
acterize class-level behavior and were not used to determine
the primary accuracy reported in this study (See Table 1)

Table 1 Precision, Recall, and F1-scores by class and for the testing
set
Precision, recall, F1-score, and support values computed for
each of the 41 disease classes using the held-out test set.
Macro-averaged and weighted-averaged metrics are reported
at the bottom of the table to summarize overall model perfor-
mance across all disease categories. These metrics provide
a more detailed evaluation of classification performance than
exact-match accuracy alone by quantifying the model’s ability
to correctly identify each disease class.

To test robustness outside the test set used, further man-
ual testing was performed using symptom combinations that
were manually entered in the console. Symptoms were put in
different orders in the input sequence, without changing the
predicted diagnosis. This suggested that the model was rela-
tively robust to the order of the symptoms and focused more
on the content of the symptoms rather than its position in the
input sequence. These findings were qualitative and therefore
not included in the qualitative metrics.

Evaluation of the fine-tuned T5-small model demonstrated
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near-perfect performance across all metrics. The model
achieved an evaluation loss of 5.2×10−5 and an exact-match
accuracy of 1.0, indicating that every generated disease label
matched the corresponding ground-truth label in the test set.
Text-based evaluation metrics further supported this outcome:
ROUGE-1, ROUGE-L, and ROUGE-Lsum scores were all
1.0, reflecting complete token-level and sequence-level over-
lap between predicted and reference outputs. The ROUGE-
2 score (0.487) was lower, which is expected for extremely
short outputs such as one- or two-word disease names, where
bigram overlap provides limited discriminative power (See Ta-
ble 2).

Table 2 Evaluation metrics for the fine-tuned T5-small model.
Exact-match accuracy, ROUGE scores, evaluation loss,
throughput, and runtime are reported for the held-out test set.
Metrics were computed by comparing generated disease la-
bels against ground-truth labels using exact string matching
and token-level overlap measures.

Metric Value

Exact-match accuracy 1.00
ROUGE-1 1.00
ROUGE-2 0.487
ROUGE-L 1.00
ROUGE-Lsum 1.00
Evaluation loss 0.000052
Samples/second 82.32
Runtime (seconds) 11.95

Discussion

The T5 model had strong performance on the symptom-based
disease prediction task, achieving a 99.8% testing accuracy
after two epochs of fine-tuning. This high level of accuracy
suggests that the model effectively learned patterns within the
dataset and that it can successfully apply these patterns to un-
seen examples. The two misclassifications seen in the results
indicate the challenges inherent in predicting a diagnosis when
two diseases share near-identical symptom profiles. The in-
put symptoms for those two errors (fatigue, yellowish skin,
nausea, loss of appetite, and yellowing of eyes) were com-
mon between these two diseases, thus leaving little informa-
tion with which to distinguish them. In contrast, symptoms
such as itching, vomiting, and abdominal pain are found only
in the case of Chronic Cholestasis within this dataset, and fa-
tigue and family history are only present in Hepatitis C. When
these differentiating features are included, the model classifies
the cases correctly. These errors highlight a more general is-
sue not of model weakness but rather of dataset ambiguity. In

actual clinical practice, Hepatitis C and cholestatic disorders
often require lab testing, imaging, or a detailed medical history
in order for a correct diagnosis to be made because initial pre-
sentations may be clinically indistinguishable. The model’s
confusion in such cases of ambiguity is thus more reflective
of the ambiguity present within the dataset itself rather than
a failure of the model to learn the symptom-disease relation-
ships.

At the same time, the results highlight important limita-
tions in symptom-only diagnostic modeling. The dataset is
unable to capture the severity or time course of a symptom,
comorbidities, biochemical markers, and other factors that
strongly influence clinical decision-making. Without such ad-
ditional features, some degree of ambiguity is inherent and
unavoidable for some diagnoses. In addition, the distribution
of symptoms across diseases may introduce implicit biases in
the model. Diseases that appear with more diverse or distinc-
tive combinations of symptom values will be easier to identify,
while diseases that overlap in their presentations will be inher-
ently more difficult to distinguish. Any automated disease-
prediction model risks being inappropriately interpreted as
medical advice. Incorrect predictions may contribute to de-
layed treatment, inappropriate self-diagnosis, or needless anx-
iety. The model presented here, then, should be used as a re-
search tool but not as a stand-alone clinical decision-support
system.

Additionally, the experiment would have benefited from
further replicates and comparative controls. Training the
model with multiple random train-test splits or evaluating the
model at multiple epochs could help determine whether or not
the high accuracy seen here is stable or depends on a particu-
lar split. Inclusion of baseline models such as BERT or T5-big
would provide an even clearer benchmark for evaluating rela-
tive T5-small performance.

This study used a single stratified 80/20 train-test split and
did not perform repeated random splits or k-fold cross vali-
dation. As a result, the reported accuracy may be sensitive
to the particular partition. In future work, repeated valida-
tion procedures and explicit duplicate-combination analyses
should be included in order to better estimate model robust-
ness. Another limitation is the lack of baseline comparisons.
Traditional machine-learning methods such as logistic regres-
sion, random forests, XGBoost, and nearest-neighbor classi-
fiers were not assessed here. As the dataset consists largely
of structured symptom indicators, there is value in compar-
ing T5-small to these simple methods to see if transformer-
based generation offers measurable gains. T5-small was cho-
sen because it offers significantly lower computational de-
mands while still achieving very high predictive accuracy. T5-
small with its ˜60M parameters tends to require less memory,
less training time, and fewer overall computational resources
than the larger models, making it more accessible for use by
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researchers in resource-constrained environments. Given the
high 99.8% accuracy achieved in this study, it is not clear that
the additional computation of larger models would necessarily
provide meaningful improvements in practical performance
on this dataset. However, comparison to larger T5 models can
ascertain whether the increased model capacity also provides
measurable gains in diagnostic performance.

Future work should also test the inclusion of richer clini-
cal features – such as laboratory values, patient demographics,
or temporal patterns of symptoms – in order to decrease am-
biguity and increase diagnostic precision. Alternative train-
ing strategies such as contrastive learning or class-balanced
sampling may also assist the model in better discriminating
diseases that overlap in presentations. Further, evaluation of
the model on external datasets or on real-world clinical notes
would provide a useful insight into model robustness outside
the curated training environment.

All in all, the results show that transformer-based language
models such as T5 are capable of high accuracy in symptom-
based prediction tasks, particularly when there are sufficient
discriminative symptoms available. The few errors seen here
highlight not a failing of the model but the inherent limita-
tions of symptom-only diagnostic data and point to promising
avenues for future work.
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