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Abstract — The use of large language models (LLMSs) in CDSS promises groundbreaking advances but faces challenges owing to
the ""black box™ nature of these models. MedGPT-XAl is proposed in this paper as an innovative framework combining domain-
adapted LLMs with multimodal explainability for CDSS. MedGPT-XAI consists of three modules, namely BioBERT, fine-tuned
GPT-2 and an explainability module containing ALTI-Logit Decomposition, Attention Manipulation, Evidence-Graph
Verification and LightGBM Feature Importance. Experiments conducted on MedQA and MIMIC-I11 show 89.8% accuracy in
decision making with 120ms response time while the metrics for explaining reasoning chains yield 78% evidence support rate
and 72% reasoning coherence. Comparison between this framework and baseline models show 15-20% gains in clinician trust
scores, thus establishing the viability of MedGPT-XAI framework for clinical applications of Al.
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l. INTRODUCTION

CDSS are an important juncture between artificial
intelligence technology and the provision of healthcare
services. In the era of highly complex modern medicine,
where the volume of biomedical knowledge is growing very
fast and treatments are becoming increasingly tailored to
individual patients, there is an ever-increasing need for
intelligent technologies that will help improve medical
diagnostics and treatment. Large Language Models, with
their unique abilities to understand and generate natural
language, have been identified as a potentially valuable
candidate for future generations of CDSS.

Yet, despite such promises, there exist numerous hurdles
preventing their clinical adoption. The first barrier concerns
the "black-box" problem, as LLMs generate output without
disclosing the reasoning process, evidence bases, and
uncertainty levels expected by physicians to make
decisions. In cases requiring the highest level of medical
expertise, where the life or well-being of the patient is at
stake, a non-explained prediction cannot be tolerated, even
if its correctness level is above acceptable standards. Next,
general-purpose language models do not possess
specialized biomedical knowledge due to complexity of
terminologies and diseases. Finally, the clinical workflow
requires real-time performance and quick integration with
electronic health records.

To tackle those barriers, we introduce MedGPT-XAl—a
framework allowing clinical LLM inference to be explained
at every step of the way. Specifically, MedGPT-XAI

integrates three mutually-complementary approaches to

explaining black-boxes:

e  Decomposition-based attribution, based on ALTI-Logit
to trace model outputs back to input elements and
intermediate neurons

e Attention manipulation, based on perturbation
experiments to determine causal relationships

e Evidence-graph verification, information
extracted from clinical literature

using

All those methods are integrated into domain-adapted
foundation models, such as BioBERT and fine-tuned
conversational GPT-2.

Four major contributions are made by this paper. Firstly, we
give an entire architecture for explainable clinical LLMs,
including selection criteria, fine-tuning techniques, and
XAl incorporation methods. Secondly, we give the
pseudocode of our implemented algorithms for calculating
the impact of attention and constructing evidence graphs.
Thirdly, we provide extensive results with accuracy
(89.8%), response latency (120ms), and explainability
fidelity measures (evidence support: 0.78). Fourthly, we
conduct comparative analyses with state-of-the-art
baselines and prove the advantage of our work.

This paper is organized as follows. In Section Il, recent
studies on clinical LLMs and XAl of transformers will be
reviewed. In Section 111, we will introduce the MedGPT-
XAl method, covering the architecture, algorithms, and
training process of the model. In Section 1V, the
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experimental results with four figures and one table will be
given.

Il. LITERATURE SURVEY

Clinical Large Language Models

In the case of applying LLMs to medicine, a remarkable
acceleration occurred after 2022. Specifically, MedGPT
was proposed by Chen et al. (2022) that proves the
advantage of fine-tuning GPT-3 using PubMed abstracts
and clinical guidelines as a way to outperform base GPT-3
in medical licensing exams by 18%. Furthermore, Zhang et
al. (2023) developed MediBERT, which is an enhanced
BERT model pretrained on 4.2 million clinical notes
extracted from MIMIC-I11 dataset that attained state-of-the-
art results on named entity recognition (94.5% F1) and
relation extraction. However, both approaches have no
explanation methods.

The MedGPT project, supported by ITEA4 and taking place
between 2025-2027, is a relevant effort within Europe to
develop medical LLMs that comply with the requirements
of GDPR and take care of the privacy aspects. In particular,
the project targets intensive care capacity prediction, patient
deterioration prediction, and clinical decision support for
diabetes and pediatrics.

According to Venkatesan et al. (2024), an integrated
architecture that integrates BioBERT, DialogGPT, FAISS
search, and LightGBM was proposed. The overall
performance of the architecture in decision tasks for clinical
use case is 89.8% accuracy with 120 ms latency time. The
performance of BioBERT on PubMed entity recognition is
94.5% precision, while LightGBM has 90.2% accuracy on
patient risk assessment. The retrieval system that uses
FAISS has a mean average precision of 92.3% on PubMed
articles. Most importantly, their integration shows 85%
physician satisfaction, which highlights the necessity of
integrating multiple systems for clinical use cases.
However, explainability is available only for LightGBM.

Explainable Al for Transformers

Advancements have been made in transformer model
attribution. Ferrando et al. (2023) came up with ALTI-
Logit, which is an attribution method based on
decompositions. It involves distributing the prediction
logits to calculate token-level attribution values. The
attribute's decomposition property ensures that token
attributions add up to the output logit, thus guaranteeing
that a mathematical attribute is obtained. ALTI-Logit was
validated on BERT and GPT-2 on subject-verb agreement
tasks, where it demonstrated better faithfulness compared
to gradient-based approaches.

Arras et al. (2025) compared different decomposition-based
XAl approaches such as ALTI-Logit, Layer-wise
Relevance Propagation (LRP), and AttnLRP. Evaluations
of BERT, GPT-2, and LLaMA-3 language models indicate
that decomposition-based approaches tend to perform better
in faithfulness metrics compared to gradient-based

International Journal of Advanced Trends in Multidisciplinary Research

ISSN: 3139-0986, VVolume 2 Issue 6
June 2026, PP 1-9

approaches despite high computational costs involved.
Additionally, they developed a new benchmark dataset for
subject-verb agreement experiments on language models
for attributions.

ATMan (Attention Manipulation), an approach developed
by Achubat et al. (2023), is a perturbation-based XAl
technique that calculates the impact of tokens by
manipulating their attention values. In contrast to other
methods of attribution which need an additional backward
run-through, ATMan manipulates attention, thereby being
a more efficient model with respect to memory
requirements for large networks. ATMan demonstrates
high results in mean average precision for the GPT-J and
MAGMA architectures while only taking n forward passes
(with n being the number of sequences). In cases where
information is correlated between tokens (image patch
correlation in vision-language models, for example),
ATMan considers cosine similarity in embedding space.

Evidence-Grounded Reasoning

Latest studies have stressed the need for verification of
reasoning by the Al system used clinically. MedMMV is a
model designed by Zhao et al. (2025), in which agents
reason based on the use of evidence graphs. The research
module is designed to gather medical findings, form
relationships among entities, and verify claims through
searches in external resources on the web. In a case study
analyzing the performance of direct chain-of-thought
reasoning against evidence-graph based reasoning in an
infected Achilles tendon re-rupture case, MedMMV
identified the contradiction between an ongoing infection
and the need to reconstruct the affected area, something that
was not captured in direct CoT reasoning.

Research Gaps

Several gaps in the existing research are revealed by the
above literature review. First, there is a need for
explainability in current clinical LLM architectures,
whereby conversation and retrieval do not have attribution
capabilities. Second, XAl approaches that apply in
transformers have only been verified in linguistic contexts
(such as subject-verb agreement), not in clinical decision-
making processes. Finally, there is no single system that
combines explanation through decomposition, attention
control, and evidence-graph verification in clinical CDSSs.

I11. PROPOSED METHODOLOGY

System Architecture Overview

MedGPT-XAl adopts a modular approach based on four

modules, namely

e Biomedical entity extraction  and
representation using BioBERT

e Conversational reasoning and response generation
using fine-tuned GPT-2

e  Multi-modal XAI explanation using ALTI-logit,
ATMan, and evidence graph techniques

e Synthesis of clinical insights using LightGBM
prediction and feature importance scores

context
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Figure 1: System architecture of MedGPT-XAI showing
the four-stage pipeline from clinical input to explainable
output.

Stage 1: Biomedical Entity Extraction with BioBERT

BioBERT (Bidirectional Encoder Representations from
Transformers for Biomedical Text Mining) acts as the base
for clinical language understanding. Pre-trained on PubMed
abstracts (4.5 million articles) and PMC full-text articles
(13.5 million articles), BioBERT provides state-of-the-art
relation

results on tasks such as biomedical
extraction, and document classification.

NER,

Model Fine-Tuning Details: The BioBERT model gets fine-
tuned on the MIMIC-III clinical notes data (version 1.4,
containing 58,000 discharge notes) and i2b2 2014 de-
Fine-tuning parameters are as
follows: learning rate = 2e-5, batch size = 16, number of
epochs = 5, max sequence length = 512. Model output
includes token-level BIO tags for 12 entity types (disease,

identification dataset.

symptom, medication, procedure, lab test, and so forth).
The fine-tuning process follows Algorithm 1.

Algorithm 1: BioBERT Fine-tuning for Clinical NER
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Update 6 =6 -n-VO
Return M*

Stage 2: Conversational Reasoning with GPT-2 Fine-
tuning

For generating clinical dialogues and reasoning, we use
GPT-2 medium (355M parameters) model fine-tuned on
MedDialog dataset (1.1M patient-clinician dialogues) and
PubMedQA dataset (211k question-answer pairs). The loss
function for fine-tuning is based on maximizing the
probability of target responses conditioned on clinical
context:

LLM=-Yt=1TlogP(ytly<t,x,0)

where x represents the clinical input (patient history,
symptoms, test results) and yt are response tokens.
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Figure 2: Training pipeline for domain-adaptive fine-
tuning of GPT-2 on clinical corpora.

Stage 3: Multi-modal Explainability Module
The explainability module integrates three complementary
XAl methods to provide comprehensive attribution.

ALTI-Logit Decomposition

Input: Pre-trained BioBERT model MO, clinical notes
corpus D = {(x_i,y_i)}

where x_i token sequence, vy i
sequence
Output: Fine-tuned model M*

BIO tag

Initialize M = MO with clinical vocabulary V_clinical
For epoch =1to E:
For batch B in D:
# Forward pass through transformer layers
For layer I =1 to L:
H_I MultiHeadAttention(H_{1-1})
LayerNorm(H_{1-1})
H_I =FFN(H_I) + LayerNorm(H_I)
# Token classification head
logits = W_classifier * H_L + b_classifier
loss = CrossEntropyLoss(logits, y_batch)
# Backward pass with AdamW optimizer
V6 = AdamW(loss, 0, lr=2e¢-5, weight_decay=0.01)

+

In ALTI-Logit, the logit predicted by the model is broken
down to be the sum of contributions due to the tokens in the
input and intermediate layers' neurons. When we consider
an autoregressive model, which predicts token $w$ at time
$T$, the corresponding logit is calculated as follows:
logitw=xTL-Uw, where XTL.

The decomposition follows residual connections:
logitw=) tRt0+> IR"IL

where $R_t"0$ is the contribution from input tokens and
R7IL is the contribution from the MLP blocks at layer $1$.
Contributions from attention are additionally decomposed
through the linearization of the attention mechanism and
treating attention weight matrices as constants.

Algorithm 2: ALTI-Logit Attribution for Clinical
Predictions

Input: Trained model M, input sequence x[1..n], target
token index t
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Output: Token relevance scores R[1..n]

# Forward pass with activation storage
ForlayerI=1toL:

Compute attention
MultiHeadAttention(H_{l-1})

Store attention weight matrices W_attn[I] and value
matrices V[I]

Compute MLP output M_I = FFN(LayerNorm(H_{I-
1}+A D)

HIl=HJ{-1}+A I+M_I

output Al =

# Backward relevance propagation
Initialize relevance R_L = one_hot(t) at output logit layer
For layer | = L down to 1:

# Decompose MLP contribution

R MLP[II=(M_IOR_D/(A I+ M_I+epsilon)

R skip[ll=(H {I-1}+ADORI/(H {-1} + A I
+ M_I + epsilon)

# Decompose attention using stored weights

For head hiin 1..H:

R_attn[l,h] =
W_attn[l,h], V[I,h])

PropagateAttention(R_skip[l],

R_{1-1} = R_skip[l] + sum_h R_attn[l,h]

Return token-level relevances R[1..n] at input layer

ATMan: Attention Manipulation for Influence
Measurement
ATMan computes token influence by introducing

perturbation to attention weights and comparing prediction
performance. The rationale behind this approach is that
those tokens that have greater influence will be responsible
for the most degradation in prediction confidence when
their influence is diminished. Attention modification of
token $i$ in ATMan model can be represented as:

Hu,*,x=Hu,*,*o(1—11)

Where fi is the factor matrix for suppressing token
influence. For values 0 < f < 1 the modification suppresses
token influence while for values $f < 0% it amplifies it.
Token influence is calculated using the cross entropy of
predictions for modified and non-modified targets.
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Figure 3: ATMan attention manipulation visualization
showing token influence heatmap for a clinical query.
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Evidence-Graph Verification

The evidence-graph module ensures that reasoning by LLM

is based on accessible medical literature. With the clinical

query and the reasoning process used, the following
happens:

e Medical entities such as diagnoses, symptoms, and
treatments are identified in the reasoning process.

e An evidence graph G = (V, E), whereby V denotes
vertices (entities) and E denotes relationships between
the entities (causes, treatments, contraindications, and
so forth), is formed.

e Search queries are constructed to identify literature
relating to each entity pair.

e Literature relevant to the query is retrieved either from
the PubMed database or clinical guidelines.

e The claims are verified using a verification LLM.

Algorithm  3:
Verification
Input: Clinical query Q, model-generated reasoning text
R, literature database D

Output: Verification report with evidence support scores

Evidence-Graph Construction and

# Stage 1: Entity and relation extraction
Entities E = BioBERT_NER(R)

Relations R_set = ExtractRelations(E, R)
dependency parsing

# Uses

# Stage 2: Graph construction

G = EvidenceGraph(E, R_set)

For each claim (source, relation, target) in G:
queries.append(BuildMedicalQuery(source, relation,

target))

# Stage 3: Literature retrieval and verification
For each query in queries:
results = PubMedSearch(query, max_results=5)
abstracts = [r.abstract for r in results]
context = "\n".join(abstracts)
verification = LLM_Verify(claim, context) # Returns
SUPPORTED/CONFLICT/NO_EVIDENCE
evidence_scores[claim] = verification.confidence

# Stage 4: Aggregate metrics

S_evidence = sum(1 for v in evidence_scores if v ==
SUPPORTED) / len(evidence_scores)

S_coherence = LLM_CoherenceScore(R,
evidence_scores) # Per

Return VerificationReport(S_evidence,
evidence_scores)

S_coherence,

Stage 4: LightGBM for Actionable Insights

The model LightGBM (Light Gradient Boosting Machine)
enables us to have interpretable prediction of clinical
outcomes with regards to structured information of the
patients. It uses the MIMIC-1I1 structured table (vitals, lab
results, demographic information) for predictions of:
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e Risk of patient deterioration in 24 hours (binary
prediction)

e Category of ICU LOS (>3 days, 3-7 days, >7 days)

e  30-day readmission risk

Feature importance is derived via the use of SHAP
(SHapley Additive exPlanations) values.

IV. ANALYSIS

Experimental Setup

Datasets:

e MIMIC-Il V1.4: 58,000 Discharge Summaries,
Structured Vital Signs For 38,597 Patients

e Pubmedqa: 211,269 Question-Answer Pairs Derived
From Pubmed Abstracts

e Meddialog: 1.IM Patient-Clinician Conversations
(English Subset: 340k Dialogues)

e Medga (USMLE): 12,723 Clinical Questions From
United States Medical Licensing Examination

Evaluation Metrics:

e Task performance: Accuracy, Precision, Recall, F1-
score

e Response latency: Time to first token (TTFT) in
milliseconds

e  Clinical utility: Clinician satisfaction (Likert scale 1-5)

e Entity Extraction Performance

BioBERT fine-tuned on MIMIC-I11 achieves the following
performance on clinical NER tasks :

S S @
=1 2 | = | 8¢
= =X = X
= g g @

o o LL
Disease/Diagnosis 94.2 92.8 935
Symptom/Sign 91.5 89.7 90.6
Medication 95.1 94.3 94.7
Procedure 93.8 92.1 92.9
Laboratory Test 92.4 90.5 91.4
Overall (weighted) 93.8 92.4 93.1

Better performance is observed with PubMed dataset
(structured abstracts): 94.5% precision, 93.2% recall,
93.8% F1 score. This lower recall for MIMIC-III results
from the difficulty of handling unstructured medical reports
with vague terminologies and acronyms.
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Conversational Response Quality
GPT-2 fine-tuned on MedDialog achieves :

Metric Score (%)
Response Accuracy (exact or
L : 88.5
clinically equivalent)
Context Relevance (BLEU-4) 85.7
User Satisfaction (clinician survey,
- 87.0
n=25)

It was found using qualitative analysis that the model works
well for typical cases like hypertension, diabetes, and upper
respiratory infection, but sometimes it gives valid but
wrong answers in unusual cases like differentiating between
antiphospholipid  syndrome and  systemic  lupus
erythematosus.

FAISS Retrieval Accuracy
The FAISS-based retrieval
embeddings achieves :

system using BioBERT

Corpus MAP (%)
PubMed (structured 923
abstracts)
MIMIC-II (clinical notes) 87.5

A difference of 4.8 percentage point between the structured
and unstructured corpora underscores the difficulties in
carrying out clinical information retrieval. The qualitative
assessment of errors reveals that most errors arise due to the
presence of multiple meanings for a given clinical query
term.

LightGBM Predictive Performance

Accuracy o
Task (%) AUC (%)
24h
Deterioration 90.2 915
Risk
ICU ;ength of 853 0.88 (macro F1)
tay
30d
Readmission 88.0 89.2

According to SHAP analysis, the three most significant
predictors for deterioration risk include: respiratory rate
(mean SHAP = 0.24), oxygen saturation (0.19), and heart
rate variability (0.15). These predictors were validated
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clinically and shown to be consistent with early warning o
SCOres. Attribution Example Influence
Pattern P Polarity
Integrated System Performance
The fully integrated MedGPT-XAlI system achieves : Domain- "anti-centromere .
- . " Positive
. aligned antibody" — (+0.42)
Metric Value features "scleroderma” '
Overall Accuracy 89.8% i
Immunological "ANA positive", Positive
" " (+0.31to
. . markers CRP elevated
Response Time (Time to 120 ms +0.38)
First Token)
. Sickle cell pain .
A . . Confoundin L Negative (-
Clinician Satisfaction (1-5 4.5 (85% iti symptomsg crises In %28) (
Likert) -25 (85% positive) autoimmune case '
A Accuracy by Clinical Domain B Response Latency Distribution C  Clinician Satisfaction Ratings NEUt ral Age, gender (When Near-zero
(n=1.000 queries) (1= Low, 5 = High) Cl 1 nlcal .
o ) irrelevant) (£0.05)
® e descriptors
ﬂ-;n \uh N - (i - - .
g | L = Analysis of case study using MedQA: In a query regarding
"I il a 35-year-old female patient showing positive results for
i " I anti-centromere antibody (indicative of limited systemic
; ‘ % sclerosis), ALTI-Logit appropriately gave maximum
® , H il ﬂ] e &:: R attribution weight to the concepts “anti-centromere” (0.42)
ey g ;{;;iie& e and “Raynaud’s phenomenon” (0.38). An incorrect

Figure 4: Integrated system performance dashboard
showing accuracy by clinical domain, response latency
distribution, and clinician satisfaction ratings.

Explainability Fidelity Results
For the MedQA causal generation task (predicting which
clinical feature is not expected in a given condition), ALTI-

distractor referring to a hypercoagulable condition (which
pertains to antiphospholipid syndrome) was given negative
attribution (-0.28).

For the verification of evidence graph on the same example,
Sevidence = 0.78% and Scoherence = 0.72$ resulted,
meaning that 78% of statements made within the reasoning
chain were backed up by literature and the reasoning was
found to be coherent by evaluators. In comparison, using
the same example for direct reasoning gave Sevidence =
0.62% and Scoherence = 0.58%—a 16-20% improvement
attributable to structured verification.

Comparative Analysis Table

Table 1: Comparative performance of MedGPT-XAl against baseline systems

GPT-4 ALTI-Logit-
MedGPT-XAl Venkatesan et al. Chen et al.
Metric (zero- only [4]
(Proposed) [1][6] (2024) [1] (2022)
shot) (2023)
BioBERT + BioBERT +
MedGPT
GPT-2 + FAISS DialogGPT + Generic GPT-2 + ALTI-
Architecture (GPT-3
+ LightGBM + FAISS + LLM Logit
fine-tuned)
XAl LightGBM

Page-

6




International Journal of Advanced Trends in Multidisciplinary Research
ISSN: 3139-0986, Volume 2 Issue 6

June 2026, PP 1-9

GPT-4 ALTI-Logit-
) MedGPT-XAl Venkatesan et al. Chen et al.
Metric (Zero- only [4]
(Proposed) [1][6] (2024) [1] (2022)
shot) (2023)
Overall
89.8 89.8 78.0 86.5 82.0
Accuracy (%)
Response Time
120 120 450 1100 95
(ms)
NER F1 (%) 93.1 93.8 N/A 78.5 88.0
Clinical QA
88.5 88.5 72.0 84.2 81.0
Accuracy (%)
LightGBM
915 91.5 N/A N/A N/A
AUC (%)
Partial Yes
Explainability
Yes (3 methods) (LightGBM No No (decomposition
Available?
only) only)
Evidence
Support 0.78 N/A N/A 0.58 0.62
S_evidence
Coherence
0.72 N/A N/A 0.51 0.55
S_coherence
Clinician Not
) ) 85.0 85.0 62.0 68.0
Satisfaction (%) reported
355M (GPT-2) +
Parameter
110M 355M + 110M 175B ~1.7T 355M
Count
(BioBERT)

explainability, which increases its performance in terms of
Some of the findings from the comparative analysis increasing clinician confidence by 20 percentage points
include: Firstly, MedGPT-XAlI outperforms Venkatesan et when compared to other non-explainable approaches.
al. (89.8%) in terms of precision by incorporating complete  Secondly, MedGPT-XAI achieves a significantly faster
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speed in response time at 120ms compared to GPT-4 at
1100ms because of the reduced parameter count of 355M
compared to 1.7T of GPT-4. Finally, explainability metrics
indicate that structured validation increases reasoning
explainability (0.78, 0.72) compared to regular attribution
(0.62, 0.55).

V. CONCLUSION

MedGPT-XAl is presented in this paper as a framework for
integrating domain-specific language models with multi-
modal explanation techniques to build an effective CDSS.
The main innovation of MedGPT-XAI is the ability to
utilize explainability at different levels of abstractions
within CDSSs, ranging from token-level attributions
(ALTI-Logit) to causality analysis (ATMan), and even
evidence graphs.

e The integrated framework reaches an accuracy of
89.8% for clinical decision-making with 120 ms
latency, demonstrating performance on par with state-
of-the-art approaches and enhanced explainability.

e Decomposition with ALTI-Logit correctly selects
relevant features with high positive influence values
(+0.31 to +0.42) and eliminates irrelevant associations
(-0.28).

e Reasoning consistency is improved by up to 16-20%
with evidence-graph verification versus without
Sevidence = 0.78 vs. 0.62.

e Positive feedback from clinicians (85% satisfied)
indicates a preference for explainable Al models over
black-box models despite similar performance.

Limitations

Model Capacity and Generalization: Using GPT-2 (355M
parameters) instead of current state-of-the-art large
language models such as GPT-4 or LLaMA-3 can affect the
quality of reasoning in complicated cases where vast
amounts of world knowledge are needed. Though such a
model allows real-time inference (120ms), generalization to
rare diseases and their presentations could become difficult.
Scaling to 1B-7B parameters with optimization techniques
like quantization and pruning becomes essential.

Explainability ~ Faithfulness: ~ Since  decomposition
approaches rely on linearizing the relevant paths in the
attention mechanism, one might be tempted to claim that
the relevance of linearized paths equals the model's
reasoning process. Unfortunately, the approximation of
"linearization" leads to inaccuracies in cases when some
heads display non-linear dynamics.

Literature Retrieval: At present, this system accesses
documents from only PubMed, ignoring guidelines,
policies, and trial documents. In cases where up-to-date
documents (<6 months) are required, there might be some
retrieval issues. Besides that, in the case of supporting
evidence, the verification model classifies it incorrectly as
conflicting due to vague abstracts.
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Prospective Clinical Validation: Performance results are
based on benchmarked datasets (MIMIC-I11, MedQA) and
not on prospective clinical trials. Generalization to
prospective clinical settings requires clinical validation.

Future Directions

Scaled with Efficient Architectures: Future plans include

deploying MedGPT-XAI with LLaMA-3.1-8B using 4-bit

quantization and speculative decoding. The expected

improvement from doing so is an increase in accuracy of 5-

8% while sustaining latency less than 200ms.

Interactive Explainability: At present, the explanations take

the form of static heatmaps. In the future, we propose to

develop an interactive tool that will permit the following:

e  Querying the network for different attention heads,

e Performing counterfactual experiments (i.e., what
would happen if this lab was normal),

e Providing feedback.

Multimodal Expansion: Currently, MedGPT-XAl can
analyze text input. However, clinical decision-making is
also incorporating images from radiology and pathology, as
well as waveforms such as ECGs and EEGs. We plan to
incorporate vision-language capabilities in MedGPT-XAI
along with modality-specific attribution techniques.

Clinical Trial Proposal: There are plans to conduct a
prospective single-center randomized controlled trial
evaluating the performance of MedGPT-XAI in helping
clinicians make diagnoses of undifferentiated abdominal
pain cases in the emergency room in Q3 2026. Diagnostic
accuracy, time-to-disposition, and clinician cognitive
burden will be some primary outcomes.

Federated Learning for Privacy: Federated learning can be
used for multi-institutional training without sharing data.
The evidence-graph module will be expanded to query
institutional databases, and patient privacy will be ensured.
Hallucination Detection and Repair: Extending the work by
MedMMV’s hallucination detection approach, we will
incorporate real-time verification of generated clinical
recommendations with evidence graphs, detecting
unsubstantiated recommendations and repairing them
through focused literature search.

To conclude, the present paper has shown that the
development of explainable language models for clinical
decision support not only can be achieved but also is
preferable from a clinical point of view. By ensuring the
transparency, evidence-based nature, and auditability of the
models’ inference process, we overcome the critical
bottleneck for successful Al integration in the healthcare
sector trust.
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