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Abstract Indonesian healthcare question-answering (QA) systems often operate in low-resource settings and
must handle substantial linguistic variability in patient queries, including paraphrasing, informal expressions,
and lexical variation. Limited annotated healthcare data further limits QA models' ability to generalize beyond
surface-level wording. This study proposes a multi-stage data augmentation method to improve the
robustness of an IndoBERT-based healthcare chatbot. The method combines domain-specific fine-tuning
with medical-term protection, informal-language normalization, IndoT5-based paraphrasing, and controlled
lexical variation through Part-of-Speech (POS)-guided verb synonym replacement. Medical entities are
protected during augmentation to preserve domain-specific information while generating diverse question
formulations without additional manual annotation. The augmented data are then used to fine-tune IndoBERT
for extractive question answering. Experimental results show that full augmentation achieves 68.22% Exact
Match (EM) and 82.06% F1, representing relative improvements of 13.2% in EM and 2.6% in F1 over the non-
augmented baseline. These improvements are statistically significant at the 0.05 significance level based on
paired t-tests. Notably, the ablation study shows that removing slang normalization yields the highest
performance, reaching 69.59% EM and 85.21% F1. This finding suggests that preserving informal expressions
may better reflect the linguistic characteristics of real-world patient queries than explicitly normalizing them.
Overall, the results indicate that multi-stage augmentation can improve Indonesian healthcare QA under
limited data conditions by increasing linguistic diversity while preserving critical medical information. The
findings also highlight the importance of evaluating individual augmentation components to identify effective
strategies for reliable healthcare chatbot development and more effective use of limited annotated healthcare
data.
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effectiveness in various Indonesian-language tasks,
including emotion detection, public services, and domain-
specific applications [9], [10], [11], [12]. These
developments also support adopting Al-based chatbots in
healthcare, including hospital and pandemic-related
services [13]. However, healthcare question answering

l. Introduction

The rapid advancement of Artificial Intelligence (Al) has
transformed various sectors, including healthcare, by
improving service quality, operational efficiency, decision-
making, and access to medical information [1], [2], [3]. In
this context, timely and accurate information regarding

hospital medical services has become a critical public
need [4], [5], [6]. Chatbots provide an effective solution by
delivering automated responses continuously, improving
access to information, and reducing staff workload [4], [5].
In Indonesia, Sahata Sitanggang et al. (2023) reported
that chatbot implementation improved customer
satisfaction, particularly in response speed and answer
relevance, with an average score of 4.01 compared to
3.12 for conventional services [7]. Recent chatbot
development has increasingly adopted transformer-based
models such as BERT and GPT, which provide stronger
contextual understanding for conversational applications
[8]. Among these models, INndoBERT has demonstrated

remains challenging because patient queries often
contain informal expressions, varied sentence structures,
and domain-specific terminology. However, limited
dataset availability remains a major challenge for
Indonesian-language healthcare chatbots due to complex
medical terminology and sentence structures. Data
augmentation has been shown to address this issue,
including Modified Easy Data Augmentation, Knowledge
Mixture Data Augmentation, and morphology-based
augmentation using Indonesian affixes [14], [15], [16].
Recent studies have also emphasized the importance of
controllable diversity and semantic fidelity in low-resource
QA, particularly in sensitive domains such as healthcare
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Fig. 1. Multi-Stage Data Augmentation Pipeline with Medical Term Protection for Healthcare QA

[17], [18]. These findings indicate that increasing data
volume alone is insufficient, as augmentation must
introduce linguistic variation while preserving domain-
specific information.

The balance between diversity and semantic fidelity
remains a key challenge in text augmentation. Wang et al.
(2025) show that while increasing sample diversity is
crucial, it must be balanced with label consistency to avoid
model  overfitting [19]. Similarly, constrained
augmentation approaches have been proposed to
improve generated sample quality through semantic and
structural controls [20]. However, such strategies have
been less explored for Indonesian healthcare question
answering, particularly for patient queries containing
informal language and domain-specific medical terms. To
address limited labeled data and linguistic variability in
Indonesian patient queries, this study proposes a
medically-aware, multi-stage data augmentation pipeline
for an IndoBERT-based hospital chatbot. Unlike prior work
that applies generic augmentation without preserving
medical semantics [14] or focuses solely on
implementation without linguistic robustness [13], the
proposed approach consists of three stages: (1) medical-
term protection using placeholder-based masking to
prevent semantic distortion; (2) staged augmentation
through optional slang normalization, IndoT5-based
paraphrasing, and POS-guided synonym substitution;
and (3) evaluation under limited data conditions (730 QA
pairs) and high linguistic variability, demonstrating
improved extractive QA performance. The augmented
dataset is then used to fine-tune IndoBERT, enabling a
better understanding of natural and varied patient queries.

Il. Materials and Method
A. Method

The proposed method consists of multiple sequential
stages, as shown in Fig. 1, to generate a medically
preserved augmented training dataset and fine-tune an
IndoBERT-based healthcare QA model. The process
begins with an Indonesian-language healthcare question

dataset, which undergoes text normalization and slang-to-
formal conversion. Medical terms are temporarily masked
to prevent semantic distortion during augmentation. A
transformer-based paraphrasing process is then applied
and evaluated through an intent-preservation check. If
necessary, re-paraphrasing and limited verb synonym
replacement are performed to enhance linguistic diversity.
The validated augmented questions are merged with the
original dataset and used to fine-tune IndoBERT for
robust healthcare question answering.

B. Input Dataset

The dataset was constructed from a hospital FAQ domain
consisting of validated question—answer pairs that reflect
real patient inquiries, as shown in Table 1. The dataset
comprises 730 Indonesian QA pairs covering 15 hospital
service intents, sourced from RS Fathma Medika, Gresik.
Multiple question variants were generated using GPT-5.6
to represent diverse linguistic styles and formality levels
while preserving the original intent. Each question was
manually reviewed for relevance, clarity, intent
consistency, and answerability, while irrelevant,
ambiguous, or duplicate questions were revised or
removed. The final dataset was divided into training and
testing sets using an 80:20 ratio, resulting in 584 training
and 146 testing pairs. Due to institutional policies, the
dataset cannot be publicly shared.

C. Protect Medical Terms in Question Text

This stage preserves domain-specific medical terms and
service names to prevent semantic distortion and
misinterpretation of intent. Specifically, medical entities
are identified using a domain-specific stoplist derived from
hospital FAQs, standardized Indonesian healthcare
terminology, and manual additions. Next, detection is
performed using case-insensitive exact matching with
word-boundary constraints and a longest-match-first
strategy to prioritize multi-word entities. Formally, given a
raw query Q and a set of medical entities M, the entity
masking process is defined in Eq. (1). In total, 222 entities
were identified, with 27.6% of sentences containing at
least one entity. During augmentation, each entity was
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replaced with a placeholder token (e.g., [[MED_1]]) and

restored afterward, preserving critical healthcare
information while enabling linguistic variation [21].
Qmask = Replace(Q' M) (1)
Y. _ {ffallback (chean)f if Y = Qclean (2)
Jinal Y, if Y # chean

D. Convert Slang Words to Formal Words

After preserving domain-specific medical terms, informal
or slang expressions are optionally normalized into their
formal equivalents using IndoCollex [22]. This step is
included to evaluate the contribution of slang
normalization within the multi-stage augmentation
pipeline rather than as a mandatory process. The full
augmentation pipeline applies slang normalization,
whereas the ablation configuration (Augmented — Slang)
bypasses this step to assess its impact on QA
performance. Throughout the process, sentence structure
is preserved to avoid syntactic distortion. This design
enables a controlled comparison between normalized and
non-normalized augmentation strategies for the ablation
analysis presented in Section 3.

E. Normalize Spaces and Punctuation

The Normalize Spaces and Punctuation stage performs
text cleaning by standardizing excessive whitespace,
repeated punctuation symbols, and irregular character
usage that frequently appear in user-generated
questions. This normalization step creates consistent
spelling, ensuring clean input before paraphrasing and
synonym replacement are applied.

while preserving intent [23], [24]. IndoT5 is optimized for
Indonesian through tokenizer and embedding adaptation,
reducing the vocabulary to 30K tokens and model size by
approximately 58%, improving efficiency without
sacrificing fluency and semantic quality[23]. To ensure
quality, paraphrases are accepted only if they introduce
lexical variation while preserving protected medical
entities via masking. If the output Y is identical to Q jpqn, it
is treated as a failure. The system then retries generation
by applying a fallback selection function frqupack that
performs verb-level synonym substitution followed by a
second paraphrasing attempt as defined in Equation (2).
Samples that still show no variation are rejected. In
practice, failures mainly occur when outputs replicate the
input, while valid paraphrases preserve intent with
meaningful variation.

G. Replace Up to Two Verbs with Synonyms

If paraphrasing fails to modify the query, a controlled
synonym replacement strategy is applied using the
Tesaurus Bahasa Indonesia [25], [26], for verb tokens v;
identified via POS tagging [27]. The candidate set S(v;) is
formulated in Equation (3). To maintain naturalness and
avoid semantic drift, substitutions are disambiguated
within the same lexical group, limited to at most k =2
verbs per sentence, and strictly exclude protected
medical entities M. This strategy is defined in Equation
(4). As a result, this approach preserves the original intent
while complementing the paraphrasing stage with
additional linguistic diversity.

Table 1. Sample FAQ question—answer pairs from the Indonesian healthcare dataset

No Type

Representative Question

Answer

General Information &

1 Facilities

cafeteria?

Does the hospital have a

The hospital provides a cafeteria facility that can
be used by patients and visitors.

Is there information available
regarding the doctor's

Medical Schedules &

N

Doctor schedule information can be accessed
through the hospital's official website or by

Services practice schedule? asking directly at the information desk.
Payment methods accepted by the hospital
3 Payment What types O.f payment does include cash, non-cash, and coverage through
the hospital accept? :
insurance or BPJS.
Registration & What time does the Thfa reg|strat|o_n counter gat the hospital opgr_ates
4 s . . ; in the morning and adjusts to the polyclinic
Administration registration counter open? .
service schedule.
5 Registration & Can general patients visit General patients can register and visit more than
Administration more than one polyclinic? one service according to their medical needs.
How much does inpatient The cost of medical procedures and other
6 Inpatient Care P services will be adjusted according to the type of

care cost at the hospital?

care and inpatient class chosen by the patient.

F. Paraphrase the Text

The paraphrasing stage generates linguistically diverse
question variants while preserving semantic meaning to
reduce reliance on rigid phrasing. This step uses an
Indonesian adaptation of mT5 with a sequence-to-
sequence  architecture  (IndoT5) to  generate
reformulations with varied lexical and syntactic structures

S(;) = {51,582, ..., S|s; € Tesaurus(v;),POS(v;) = VERB} (3)
stn = Substitute(Qciean\M, {v; = Sk}i‘czl) (4)

H. Restore Medical Placeholders and Augmented
Dataset Construction
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Table 2. Contribution of each augmentation strategy to dataset expansion and linguistic diversity

Dataset Iy Number of : . I
Configuration Description QA Pairs Diversity Contribution
- Original healthcare FAQ dataset without T .
Original Dataset augmentation 730 Baseline linguistic variation

Dataset with all augmentation strategies . .
; o Combines structural, lexical,
Augmented Full (paraphrasing, slang normalization, synonym 1,424 . . :
- and conversational diversity
substitution)

Augmented without Augmentation without sentence structure 1154 Reduced syntactic and
Paraphrase variations (paraphrasing removed) ’ structural diversity
Augmented without Augmentation without informal/slang language 1425 Reduced conversational and

Slang variations ’ informal language coverage
Augmented without Augmentation without synonym substitution 1,373 Reduced lexical diversity from

Synonym

controlled word variation

Once a valid augmented question Q4 is generated, the
masked medical placeholders are restored to their original
domain-specific terms. This restoration step ensures that
all augmented questions retain medically accurate
information while benefiting from increased linguistic
variability. The restored questions are then added to the
augmented dataset. To construct the final training corpus
D¢rain, the augmented dataset D, is merged with the
original healthcare question dataset D,,; as formulated in
Equation (5). This combination preserves the original data
distribution while enriching the training set with syntactic
and lexical variations, resulting in a more diverse and
robust dataset for model training.

Dirain = Dori U Daug (5)

. IndoBERT Fine-Tuning

Recent advances in natural language processing have
been largely driven by architectures built on the
Transformer framework, which rely on attention-based
mechanisms to model syntactic patterns and sentence-
level meaning effectively [28], [29]. Pretrained transformer
language models are now widely adopted because they
provide rich contextual representations that can be
adapted to downstream tasks through fine-tuning [30],
[31]. In Indonesian-language NLP, IndoBERT serves as a
strong foundation as it is pretrained on large-scale
Indonesian corpora and can be further specialized for
domain-specific applications such as healthcare question
answering [32], [33].

In this study, a customized IndoBERT model
(Rifky/Indobert-QA) for extractive question answering was
fine-tuned using the translated SQUAD v2.0 dataset. The
model predicts answer spans by identifying their start and
end positions within the context, making it suitable for
healthcare FAQ scenarios. The proposed multi-stage
augmentation pipeline expands question variations, and
the resulting data are used to fine-tune INndoBERT-QA to

improve  robustness to paraphrasing, informal
expressions, and lexical variation. Fine-tuning used
indolem/indobert-base-uncased  with the AdamW

optimizer, a learning rate of 2x107°, a batch size of 8, a
maximum sequence length of 384, and three epochs with

early stopping. Experiments were conducted on Kaggle
using a T4 GPU and 30 GB RAM with PyTorch and
Hugging Face Transformers. The best model was
selected based on validation F1 score.

To ensure statistical reliability, all experiments were
repeated five times using different random seeds [42, 123,
2024, 777, 9999]. Mean performance and 95%
confidence intervals were calculated using the Student's
t-distribution, and performance differences were
assessed using paired t-tests at a = 0.05, following
standard practices for robust evaluation in low-resource
NLP [34].

J. Fine-Tuned IndoBERT Healthcare QA Model

The proposed system produces a fine-tuned IndoBERT-
based healthcare question answering model trained on a
medically preserved augmented dataset. The resulting
model exhibits improved robustness to linguistic variability
while maintaining accurate medical intent understanding,
and serves as the core component of the healthcare
chatbot system which is subsequently evaluated using
standard question answering metrics.

lll. Results

This section evaluates the effectiveness of the proposed
multi-stage data-augmentation pipeline for enhancing
low-resource Indonesian healthcare chatbots through a
series of experimental results. Four model configurations
were evaluated: Long Short-Term Memory (LSTM), pre-
trained IndoBERT, IndoBERT fine-tuned, and mBERT on
the augmented dataset across several augmentation
settings, including (1) the original dataset, (2) full
augmentation, and (3) ablation settings where
paraphrasing, slang normalization, or synonym
substitution was removed. To evaluate model
performance, this study adopts Exact Match (EM) and F1
metrics, which quantify strict answer correctness and
partial overlap in extractive QA tasks [35].

This section evaluates the baseline performance of
LSTM, pretrained IndoBERT, IndoBERT Fine-Tuned and
mBERT on the original non-augmented dataset as a
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Table 3. Representative Qualitative Examples Comparing IndoBERT Predictions Before and After
Augmentation (ORI = baseline/non-augmented model; AUG = augmented model)

Example
Aspect Question Prediction (ORI) Prediction (AUG) Ground Truth Observation
(Augmented
Test Set)
"My child
ROPUSt suddenly has a The-hospltal The hospital The hospital registration Au_gmentat|on
handling of  fever at night, registration . : improves
. registration counter counter operates 24
paraphrased can | register counter operates robustness to
. ) operates 24 hours. hours. :
queries directly to the 24 hours. paraphrasing.
hospital ?"
" The hospital has The hospital provides  The hospital provides Slang/
Improved Does the . : ; : ; .o,
. ) . . a cafeteria  special accommodation special accommodation abbreviations
interpretation hospital provide o B e
. facility next to  facilities (guest house) facilities (guest house) handled
of informal  a place to sleep . : )
N the back parking  or cooperates with or cooperates with better after
language over? .
lot. nearby hotels. nearby hotels. augmentation.
: Ifl pay W'th.a T_here IS no There is no additional  There is no additional Reduced
Lexical credit card, is additional charge . . dependence
o : charge for credit card  charge for credit card
flexibility there an for credit card avments avments on exact
additional fee?" payments. pay ) pay ' wording.
Visiting hours for visitors
are divided into two
"When is the (\)lsigoaAnlc\jAéZ 2)2).?30MAt|\(;| sessions: morning 08.00
allowed time to | AM to 11.00 AM WIB Span

More precise see the patient's

05.00 PM WIB. For

and afternoon 04.00 PM boundaries

sPan  ondition in the Yes intensive care units - 4’5 60 PM WIB. For - become more
boundaries (ICU), visiting hours X . ; :
treatment intensive care units precise.
" are shorter and not L
room? ooen to the public (ICU), visiting hours are
P P ’ shorter and not open to
the public.
There are 2 options: 1.
Come New patients can
"Are patients  immediately to . : register themselves or
Come immediately to .

- who have never the Emergency be registered by others L
Remaining . the Emergency . : Implicit intent
e ) been treated Installation (IGD) ; by coming directly to the .

difficulty with : Installation (IGD) of the . . remains
AT before allowed of the hospital . o hospital, taking a queue .
implicit intent ) g hospital which is - challenging.
to come directly which is available 24 hours number, filling out a
to register?" available 24 ) biodata form, and
hours. bringing identification

(Patient ID Card). 2....

reference for assessing the impact of data augmentation.
As shown in Table 2, the original dataset contains 730
Indonesian healthcare FAQ question—answer pairs,
representing a controlled linguistic setting. The same
table shows that full augmentation expands the dataset to
1,424 pairs, while the Augmented without Slang
configuration produces one additional sample (1,425).
This difference occurs because slang normalization
occasionally generates paraphrases too similar to the
original, which the validation criteria reject, whereas
removing normalization allows one additional variation to
pass. These results provide the basis for analyzing the
performance improvements.

The LSTM model achieved the lowest performance,
with 26.85 EM and 35.06 F1, as shown in Fig. 2, indicating

limited ability to capture the semantic relationships
required for Indonesian healthcare question answering.
The large gap between EM and F1 suggests that the
model often identifies parts of the correct answer but
struggles to predict the exact answer span. In contrast,
pretrained IndoBERT achieved 34.38 EM and 48.77 FA1,
demonstrating the benefit of transformer-based
contextual representations for handling semantic variation
and medical terminology. mBERT further improved
performance to 56.44 EM and 68.43 F1, indicating
stronger generalization across linguistic variations.
However, the results also show that pretraining alone is
insufficient to address domain-specific variability under
limited labeled data.
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Fig. 2. (a) EM and (b) F1 performance of LSTM, IndoBERT, fine-tuned IndoBERT, and mBERT models on the
original dataset and various data augmentation settings

The fine-tuned IndoBERT model achieved the
strongest baseline performance, with 60.27 EM and 79.96
F1, highlighting the effectiveness of domain adaptation for
healthcare QA. However, the model still exhibits
limitations in handling informal language, implicit medical
intent, and ambiguous or multi-intent queries, motivating
the use of data augmentation to improve robustness to

flexible representations of question intent, reducing its
reliance on fixed wording and exact keyword matches.

The performance improvements from full data
augmentation mainly stem from better handling of
paraphrased questions, informal language, and lexical
variation, as shown in Table 3, which provides a direct
side-by-side comparison between baseline (ORI) and

Table 4. Ablation analysis for INndoBERT fine-tuned showing mean * 95% CI (N=5 runs), with A representing

absolute difference vs. Augmented Full

Training

AEMvs AF1vs

Configuration EM % CI F1CI Full Full Interpretation (Linguistic Impact)
Augmented 68.22 + 750 82.06 + 547 ) ) Balan(_:ed robustness across par_aphrastlc,
Full informal, and lexical variation.
Augmented - 6657 + 315 8227 +293  -165 0.21 Less tolerant to sentence structure changes;
Paraphrase EM drops.
Augmented - 69.50 + 292 85.21 +2.78 1.37 3.15 Best. Preserving slang improves informal query
Slang understanding.
Less flexible in word choice — EM drops, but
Augmented - 66.71+5.16 84.06+3.73 -1.51 2.00 F1 remains robust as paraphrase and slang
Synonym provide sufficient diversity.

linguistic variation.

Accordingly, integrating IndoBERT Fine-Tuned with
the proposed data augmentation pipeline leads to a clear
and consistent performance improvement, increasing
from 60.27 EM and 79.96 F1 to 68.22 EM and 82.06 F1.
The augmented IndoBERT Fine-Tuned model also
consistently  outperformed mBERT across  all
augmentation settings. This improvement indicates that
the system is not only more accurate but also more robust
in handling the linguistic variability commonly found in
real-world Indonesian healthcare queries. Trained on a
broader range of paraphrased questions, informal
expressions, and lexical variations, the model learns more

augmented (AUG) predictions. After augmentation, the
fine-tuned INndoBERT model more consistently links
differently worded questions with the same meaning to the
correct answer spans, showing reduced reliance on fixed
sentence structures and exact keyword matching.
Informal expressions and abbreviations that previously
led to errors are also interpreted more reliably, indicating
better alignment between conversational user input and
structured healthcare information.

As shown in Table 4, the Augmented Full configuration
achieves 68.22% EM and 82.06% F1, representing
improvements of 13.2% EM and 2.6% F1 over the fine-
tuned IndoBERT baseline, while also outperforming
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Table 6. Representative failure cases identified from qualitative error analysis of model predictions

Category Example Question Model Issue Expected Intent
- "How to register if | have never Misclassified as emergency- Registration lprocedure for
Implicit Intent ; o new patients (not
been to this hospital? related query
emergency)
Amblgqous "Is the IGD open 24 hours a day?" Confu_sed emergency service IGD operating hour§ (2417
Wording with registration desk emergency service)
Medically "If | use corporate insurance, is it Incorrectly mapped to BPJS  Payment method: corporate
Sensitive possible?" cesarean policy insurance accepted
Complete list: SPRI, ID card,
insurance card, personal
Multi-part "What documents are required for Extracted partial answer onl items (clothes, toiletries,
Fragmentation inpatient admission?" P y assistive devices,
medications); avoid
jewelry/valuables
Service "Does the hospital provide a place Confused lodging service with Guest hp use / hote_l
: " e cooperation for family
Conflation to stay? other facilities

accommodation

mBERT by 11.78% EM and 13.63% F1. Among the
ablation settings, —Slang achieves the best performance
(69.59% EM, 85.21% F1), suggesting that explicit slang
normalization is unnecessary when other augmentation
stages are applied. In contrast, removing paraphrasing or
synonym replacement slightly reduces EM, indicating that
both components contribute to model performance,
although challenges in understanding implicit medical
intent remain.

IV. Discussion

Table 4 shows that multi-stage augmentation improves
healthcare question-answering performance, with the Full
Augmentation configuration achieving 68.22 EM and
82.06 F1. Notably, the —Slang configuration performs
even better, reaching 69.59 EM and 85.21 F1, suggesting
that explicit slang normalization is not necessary when
paraphrasing and synonym replacement are applied.
Preserving informal expressions may help the model
learn colloquial patterns that better reflect real-world

patient queries. These findings suggest that slang
normalization can be treated as an optional component of
the augmentation pipeline. To position our work within the
broader literature, Table 5 compares this study with
previous work. Direct quantitative comparison is limited by
differences in tasks, datasets, and evaluation metrics [33].
Nevertheless, the proposed approach improves EM by
13.2% over the fine-tuned IndoBERT baseline,
demonstrating the effectiveness of the augmentation
strategy. Unlike previous studies that apply generic
augmentation [14], [15], [16], this study combines
medical-term protection with staged augmentation and
evaluates its effectiveness in a low-resource Indonesian
healthcare QA setting. The ablation results further show
that the augmentation components are not fully additive.
Removing slang normalization improves F1 by 3.15
points, while removing paraphrasing or synonym
replacement results in smaller changes (-0.21 to +2.00
F1). These findings suggest that preserving informal
expressions and introducing structural variation are more
beneficial than lexical substitution alone. The higher

Table 5. Methodological comparison with related Indonesian NLP and low-resource augmentation studies

Augmentation Evaluation
Study Task / Domain Method Model Approach Our Distinction

Zamakhsyari & Mental Health BERTScore Extractive QA with EM/F1
Fatwanto [33] QA None IndoBERT (91.8%) metrics

Chatbot N/A o .
Yanti et al. [13] Implementation (Systematic N/A Qualltatlye Technlca_l_developmgnt

: . synthesis with empirical evaluation

Review Review)

Kartika et al. Paraphrase e Accuracy & Medical term masking in
[14] Identification ~ Modified EDA IndoBERT £ g5 70, augmentation
Wang et al. Low-resource Knowledge Various General Controlled POS-guided

[15] QA Mixture (survey) framework synonym substitution
Ashar & Sentiment Text Various AcCUrac Healthcare QA with intent
Siahaan [16] Analysis Augmentation y preservation
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performance of -Slang also indicates that explicit
normalization may introduce unnecessary changes to the
linguistic characteristics of patient queries.

Despite these improvements, several failure cases
remain, particularly in implicit intent understanding,
ambiguous wording, medically sensitive questions, multi-
part answer extraction, and service disambiguation as
summarized in Table 6. These findings indicate that
augmentation mainly improves surface-level linguistic
robustness but does not fully address deeper semantic
reasoning. Therefore, the system should be used as an
informational assistant rather than a medical decision
support tool, with appropriate escalation mechanisms for
critical or low-confidence cases. The study is also limited
to a single hospital domain (RS Fathma Medika) with 730
QA pairs and has not been externally validated. Future
work should explore explicit intent modeling, external
knowledge integration, and context-aware conversational
reasoning, as well as evaluation on external datasets and
real-world healthcare queries to assess generalizability,
deployment readiness, and safety.

V. Conclusion

This study aimed to improve the robustness of Indonesian
healthcare question answering in low-resource settings
through multi-stage data augmentation and IndoBERT
fine-tuning. The proposed approach improved
performance over the non-augmented baseline, with full
augmentation achieving 68.22% EM and 82.06% F1,
representing relative gains of 13.2% in EM and 2.6% in
F1. Notably, removing slang normalization yielded the
highest performance (69.59% EM, 85.21% F1),
suggesting that preserving informal expressions better
matches real-world user queries. However, the model still
struggles with implicit medical intent, and the findings are
limited to a single-domain dataset from RS Fathma
Medika without external validation. Therefore, the system
should be used as an informational assistant with
appropriate escalation mechanisms. Future work should
explore explicit intent modeling and evaluate the
approach on external datasets and real-world
conversational queries to assess its generalizability and
safety.
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