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MedAttr: Cost-Effective, Diverse Attribution of LLM
Responses in Medical Conversation Systems to Reliable
Sources

Abstract

Conversational systems that emulate medical professionals are increasingly used to triage
patients and interpret clinical reports, but their safety depends on grounding responses
in reliable evidence rather than unchecked model guesses. Existing attribution pipelines
often retrieve many near-duplicate passages, wasting a limited passage budget and driving
up computational cost without improving trust. In this work, we focus on cost-effective
diversity in attribution: given a fixed budget, how can we support a model’s response
with a set of passages that is both highly relevant and meaningfully diverse? We intro-
duce MedAttr, a two-stage attribution system that first uses inexpensive embedding-
based retrieval to build a high-recall candidate pool, and then applies targeted submodular
optimization to explicitly trade off relevance and diversity when selecting the final sup-
porting passages. This hybrid design reduces redundancy without extra model calls or
heavyweight re-ranking, making MEDATTR efficient and scalable. In medical dialogue and
report-interpretation settings, experiments with AutoAIS and disease label matching show
that MEDATTR improves attribution quality and label coverage under the same passage
budget, while maintaining or reducing computational cost compared to top-k retrieval and
re-ranking baselines, demonstrating a practical path toward more trustworthy medical con-
versational systems.!

Keywords: Attribution for medical LLMs, Diverse evidence selection, Cost-efficient re-
trieval

1. Introduction

Conversational systems that use natural language to communicate (i.e chatbots) are in big
demand in many industries [(Breazu and Katsos, 2024; Bartz and Bartz, 2023; Kitamura,
2023)]. These systems can take human queries and generate responses conditioned on
domain knowledge and past queries [(Caldarini et al., 2022; Dam et al., 2024)]. With the
advent of LLMs, these systems can reason and are easier to implement and deploy.

Large language model (LLM)-based chatbots have shown strong performance across
a range of medical tasks. Systems like ChatGPT have demonstrated success in medical
question answering, particularly when interpreting clinical notes, and have even passed
medical licensing examinations — highlighting their capacity for comprehension and reason-
ing. These generative models for dialogue are also increasingly integrated into patient care,
engaging in conversations about symptoms, medication dosages, and safety precautions,
thereby marking a significant advancement in digital health technologies [(Nori et al., 2023;
Thirunavukarasu et al., 2023; Dam et al., 2024)].

A key challenge with LLM-based chat systems is their tendency to generate factually
incorrect or unsupported responses [(Roller et al., 2020; Shuster et al., 2019)]. Since these
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responses are very fluent and organic, they might mislead the users. This reduces users’
trust and prevents these systems from being deployed in critical domains.

This highlights the importance of attribution — linking generated responses to supporting
source documents — for conversational systems in the medical domain. In this work, we
explore methods for efficient attribution in responses generated by medical dialogue systems.
We also examine how to select multiple, diverse supporting texts within a predefined budget
to back the generated response. Our experiments are conducted on both public and private
datasets. For evaluation, we use AutoAIS, (Bohnet et al., 2022), on private data and label
matching on public data.
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Figure 1: MEDATTR grounds conversational responses by first retrieving the top neighbors
from the source data, then applying targeted submodular optimization to select a
diverse set of highly attributable passages. When an underlying corpus (such as
an EHR) is unavailable, attribution is evaluated by matching labels between the
classifier-predicted label of the current conversation and the retrieved passages
from prior patient conversations.
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Existing approaches typically rely on information retrieval techniques [(Weston et al.,
2018; Lewis et al., 2020)] to select the top-K relevant neighbors. However, these selected
passages are not always fully attributable or diverse. Some methods incorporate Natural
Language Inference models to check for entailment [(Huang et al., 2024; Honovich et al.,
2022)], but these approaches incur high inference times that can hinder user experience.
Furthermore, in scenarios with budget-constraints (limiting the size of text), selecting the
top K passages often results in redundant information.

Our method, MEDATTR, solves the question ”Can we guarantee that every chatbot response
is anchored to evidence a clinician can verify, even when time and memory are scarce?”
using transformer-based vector matching to retrieve top neighbors and applying targeted
submodular optimization to select the most relevant and diverse supporting texts.

Our contributions are as follows:

e We propose MedAttr, a novel attribution framework for medical conversational sys-
tems that combines vector-based retrieval with submodular optimization.

e We design a scalable and efficient selection mechanism that jointly optimizes for rel-
evance and diversity under a fixed passage budget.

Generalizable Insight

Attribution to source documents for LLM-based chat generated text under a budget can
be significantly improved using targeted submodular subset selection. We need relevant as
well as diverse text to support these responses.

2. Related Work

Attribution for LLMs Recent years have seen significant research on attribution for
large language models (LLMs) [(Rashkin et al., 2023; Bohnet et al., 2022; Yue et al., 2023)].
Most attribution techniques fall into two main categories: Retrieve-Then-Read methods
[(Hu et al., 2019; Nishida et al., 2018; Izacard and Grave, 2020)] and posthoc methods
[(Huo et al., 2023; Gao et al., 2022)]. Retrieve-Then-Read approaches first extract relevant
documents from a corpus, then pass both the retrieved content and the query to the LLM,
which generates an answer. In contrast, post-hoc methods let the LLM generate an answer
from the query first, and then retrieve supporting passages from the corpus using both the
question and the answer—these passages serve as the attribution. A more recent strategy
involves fine-tuning the LLM to directly generate attributions (Bohnet et al., 2022), where
the model outputs an answer along with a signal that identifies the supporting passages from
the source corpus. Our approach, MEDATTR, follows the post-hoc framework to effectively
link responses to the relevant sources.

Selection of retrieved passages Selection of passages from the retrieved passages are
done in a number of ways [(Zhu et al., 2023; Zhuang et al., 2023; Schlatt et al., 2024)]. In
most of the cases there will be a groundtruth ordering available, in which case we can train
an LLM to be a reranker. In unsupervised scenarios, mostly Top-K retrieved passages are
selected. The literature on subset selection has primarily looked at selecting representative
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Figure 2: MEDATTR grounds conversational responses by retrieving the top neighbors from
the underlying source—such as an EHR—and then applying targeted submodular
optimization to select a diverse, highly attributable set of supporting passages
within the EHR

subsets of data points [(Mirzasoleiman et al., 2020; Killamsetty et al., 2021b,a)]. Recently,
several approaches have been developed where subsets of K points are selected based on a
specific target query (Kothawade et al., 2021b).

Chatbots in Medicine Chatbots in medical domain is an extensively studied topic.
Most of the existing approaches focus on chatbots’ accuracy in diagnosing diseases [(Je-
gadeesan et al., 2023; Tjiptomongsoguno et al., 2020; Laranjo et al., 2018)]. But these
methods do not incorporate grounding. Similarly, a lot of work has gone to QA systems
without grounding [(Wu et al., 2024; Yang et al., 2022; Han et al., 2023)].

3. Background

3.1. GuideQ

GuideQ, (Mishra et al., 2024), is an LLM based conversational system that refines classi-
fication through conversational dialogue. It gradually narrows down the list of candidate
labels (e.g., diseases) using an intelligent prompting technique. Specifically, GuideQ accepts
a partial input  — which consists of a sequence of queries and responses between the user
and the system and employs a classifier to assign one of the n possible labels.

3.2. Attribution

We invoke the definition from (Rashkin et al., 2023) —
‘Attribution - A sentence/paraphrase of a sentence that is interpretable in the linguistically
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empty context and that preserves the truth-conditional meaning of the sentence in context
¢ is attributable to a set of parts P of some underlying corpus K if and only if: A generic
hearer will, with a chosen level of confidence, affirm the following statement: ‘According to
P, s’. This measure is termed as Attributable to Identifiable sources/ AIS.’

This definition of attribution should not be confused with attributing to a training
data point. The provided attribution (support document/passage) may or may not have
affected the generation of the answer. (Bohnet et al., 2022) proposed AutoAIS in order to
remove the human component from the evaluation. Here the task of AIS is modeled as a
Natural Language Inference Task that checks whether the passage entails the answer given
the question.

3.3. Submodular Functions

A set function F : 27 — R is submodular if it satisfies diminishing returns:

VAC BCP,Vp¢ B:A(p|lA) > A(p|B)

Where A(p|S) = F(S U {p}) — F(S5) is the marginal gain.

4. Methods

4.1. Background

We define a conversational dialogue as a sequence of queries and responses, q1, 71, q2, 72, ----qi, 7.
Queries are generated by the user and responses are generated by the system (i.e the LLM).
Our task is to find attribution for any response 7. given q1,71, 42,72, ---Ge—1, Te—1, G-

In cases where electronic health records (EHRs) or any other corpus D is provided with
a set of documents di,ds, ....d,, let us assume each document d; is made up of passages
(some paragraphs) pi, p2...pjg;|- Given a passage budget K, the goal is to select a subset
A C{p1,p2,...,p100} of size |A| = K such that each passage p; € A maximally supports the
response 7. given the dialogue history (q1,71,...,qc,rc), subject to constraints on semantic
relevance and diversity. We attribute the response, 7. to an underlying corpus (like EHR) by
retrieving most relevant passages p1, pa, ...p100 - We then use our algorithm MEDATTR over
1, p2...p100 and select diverse passages p;s given a budget K and this forms our attribution.

In case of some public data no corpus like EHR is available, but there is text data
about similar symptoms and the corresponding label of other patients. In this case we
define attribution as a label matching problem, whether we are able to retrieve the text of
a patient with the exact same label as in the ongoing conversation.

4.2. Method

MedAttr consists of 2 parts. First part is the retrieval of relevant passages and the second
part is the selection of relevant passages from the retrieved ones.



4.3. Retrieval Of Relevant Passages

This part consists of 2 stages. In the first stage, a neural network is used to create em-
beddings of the passages. These embeddings are formed in the vector space such that
semantically similar passages will be close to each other. The second part consists of a
vector index that stores the vectors in a compressed form. When a query vector is given
as input, the vector index returns the corpus vector (and its neighbours) that forms the
closest match.

4.4. Targeted Subset Selection

Given a set V of passages p1, p2, ps, ...p100 (returned by the retriever), we have to select K
passages that provide adequate grounding to a response r.. For this we used a combination
of different submodular mutual information functions that ensured query relevance and di-
versity of the selected passages.

To enforce reliability and control diversity we perform the subset selection with a modified
utility function. We select passages based on the greedy algorithm that maximizes U (S)

U(S)=ad R(S) +(1-a)Sub(s) (1)

€S

S is the selected subset of passages.

R; is the retriever score for item i; the total retrieval relevance is given by R(S) =
Dies Ri-

Sub(S) is the submodular utility function applied to S, promoting diversity and
broader coverage.

e o € [0,1] is a weighting parameter that controls the trade-off:

— « = 1: selection is based entirely on retriever scores (pure retrieval).

— «a = 0: selection is driven solely by the submodular function (pure diversity-based
selection).

— 0 < a < 1: balances retrieval relevance and diversity.

4.5. Algorithm

The selection of the optimal set S is performed via greedy submodular maximization. The
greedy algorithm iteratively selects the context that maximizes the marginal gain in utility
U(S), defined as:

5§ = U(s
8 i U

Formally, the greedy algorithm initializes S = () and, at each step 4, selects:

" = arg i, [U(Su{c}) = U(S)]

This process is repeated until |S| = K, where U(.5) is the submodular utility function.
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5. Experiments

5.1. Datasets

We experimented on four different datasets from the public and private domains to assess
the attribution capabilities and robustness of our suggested approach. Each dataset poses
unique challenges and contributes to the comprehensive assessment of our methods in real-
world medical and healthcare scenarios. The Datasets are Symptom2Disease (S2D), Human
Stress Prediction (Stress), MIMIC-QA, and HOSPITAL A.

The HOSPITAL A dataset is a proprietary collection of electronic health records (EHRs)
selected from a top medical institution, whereas S2D, Stress, and MIMIC-QA are openly
accessible.

Detailed information about datasets is provided here B

5.2. OCR Pipeline for Medical Documents

Our OCR pipeline is designed to process medical documents from the private dataset by
generating HOCR files for each page image, ensuring accurate structure, content, and spa-
tial information extraction. Medical documents often contain critical information such as
patient records, diagnostic reports, and lab results, which must be extracted with high preci-
sion for effective decision-making. The pipeline begins by splitting the input document into
pages. It then identifies words, lines, and blocks (which are not detected as tables) in each
page with their positions marked using bounding boxes. For text recognition and HOCR
generation, we use Tesseract OCR (Smith, 2007), which converts detected text regions into
machine-readable text sequences while preserving their spatial layout.

Given the importance of tables in medical documents, where they provide a concise
representation of medical parameters and test results, our pipeline ensures their accurate
detection and reconstruction. First, our custom-trained YOLOv8 model (Varghese and M.,
2024) identifies the regions of the tables. Once tables are detected, TATR (Smock and
Pesala, 2021) determines the positions of the rows and columns, while SPRINT (Kudale
et al., 2024) decodes the cellular layout, ensuring that all cells are properly segmented.
After cell demarcation, we perform OCR again using Tesseract to extract text cell-wise.
Once text from all cells is extracted, the table is fully reconstructed, preserving its original
format and structure. To maintain the relative positions of all the elements of the page,
our pipeline embeds this reconstructed table sequence in the HOCR file using HTML tags
at the appropriate position.

5.3. Models Compared

e Baseline 1 - BM25 - We employ the BM25 (Trotman et al., 2014) to retrieve the top
K relevant passages as attributions for a given response r.

e Baseline 2 - gtr-t5-base - Following the approach described in Section 5.4, we first
retrieve the top 100 nearest neighbors (i.e., the passages corresponding to the top 100
vectors) and then select the top K passages from this set as attributions.



e Our approach - MEDATTR - We use the same initial retrieval method as in Base-
line 2 (Section 5.4) but further refine the selection by applying targeted submodular
optimization (Kothawade et al., 2021a) to choose K passages as attributions.

5.4. Experiment — Symptom2Disease and Humanstress dataset

The experimental procedure is outlined as follows. First, passage embeddings are generated
using a sentence transformer model (gtr-t5-base (Ni et al., 2021)), as described in Section 4.3.
Next, vector indices are constructed using FAISS (Douze et al., 2024). Query and response
embeddings are similarly obtained with the same GTR model. Furthermore, conversations
are formed from the datasets using GuideQ), as detailed in Section 3.1.

To ground these conversations, we apply our MEDATTR and other baselinbes 5.3, which
extracts relevant passages from the original dataset. This grounding process enriches the
interactions by providing both the user and the specialist with contextual information from
other patients exhibiting similar symptoms.

5.5. Experiment — HOSPITAL A and MIMIC

HOSPITAL A: Medical-QA datapoints generated using Electronic Health Records pro-
vided in PDF format (private data).

Medical-QA datapoints generated using MIMIC: Patient Discharge Diagnoses (PDD) pro-
vided in JSON format.

Attribution: We perform task of attribution where we match the generated QA pairs to
the most relevant sections from the original EHR/PDD data, ensuring that each QA pair
is linked to its corresponding context in the source documents. This structured approach
allowed us to generate and validate QA pairs anchored in authentic clinical data.

5.6. Metrics

We use three key metrics to evaluate the quality of attribution across various datasets and
tasks.

ExAacT MATCH ACCURACY

This metric measures whether the retrieved passage exactly matches the ground-truth sup-
porting passage. It is a strict evaluation criterion and is particularly relevant in datasets
where gold attribution is explicitly available as text.

LABEL MATCH ACCURACY

This metric evaluates whether the label inferred from the retrieved passage matches the
ground-truth label assigned to the example. It is especially useful in scenarios where the
attribution is expected to support a classification decision, such as disease diagnosis or stress
level.
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AUTOAIS

For medical QA settings, we use the AutoAIS score, which automatically assesses attri-
bution quality using a Natural Language Inference (NLI) model. Specifically, it tests the
degree to which the retrieved context entails the correctness of a generated answer. The
model evaluates the following entailment query:

Premise: {context}
Hypothesis: The answer to the question ‘{question}’ is ‘{answer}’.

AutoAIS provides a scalable and model-based alternative to manual evaluation, especially
in settings where ground-truth answer spans are not available.

6. Results

6.1. Results on conversation attribution

Dataset Setting Retrieval | Top-1 | Top-3 | Top-5 | Top-10
bm25 0.000 | 0.017 | 0.017 0.050

Exact Match | gtr 0.067 | 0.133 | 0.233 0.283

99D MEDATTR | 0.050 | 0.117 | 0.217 0.250
bm25 0.267 | 0.417 | 0.483 0.583

Label Match | gtr 0.450 | 0.550 | 0.583 0.667

MEDATTR | 0.450 | 0.533 | 0.583 0.683

bm25 0.056 | 0.063 | 0.070 0.099

Exact Match | gtr 0.120 | 0.148 0.155 0.211

Human Stress MEDATTR | 0.092 | 0.113 | 0.155 0.211
bm25 0.296 | 0.535 | 0.627 0.831

Label Match | gtr 0.472 | 0.641 | 0.718 0.845

MEDATTR | 0.324 | 0.704 | 0.768 0.859

Table 1: Top-k accuracy of retrieval methods on S2D and Human Stress datasets with
values rounded to three decimal places.

We evaluate attribution across three strategies — BM25, GTR, and MEDATTR for two
tasks conversation attribution and medical attributed - QA. We show that our method
MEDATTR performed better than other baselines, especially on higher budget settings.

We evaluate two attribution criteria in Table 1:

e Exact Match: Whether the retrieved passage exactly matches the ground-truth
supporting text.

e Label Match: Whether the retrieved passage aligns with the correct disease label
(S2D, Human Stress datasets).

Table 1 presents attribution evaluations for 2 datasets S2D and Human Stress. Across
both datasets MEDATTR performs competitively at lower-k and consistently outperforms
other methods at higher-k, highlighting the strength of its targeted, diverse subset selection.



Label Match: On the Human Stress dataset, MedAttr achieves the highest Top-5 &
Top-10 accuracy of 76.8% 85.9%, outperforming both GTR and BM25. On S2D, MedAttr
slightly surpasses GTR at Top-10 (68.3% vs. 66.7%), despite similar performance at lower
values of k.

Exact Match: GTR achieves marginally better results in S2D at lower values of k,
but MedAttr catches up by Top-10. In Human Stress, both GTR and MedAttr achieve
the same Top-10 accuracy of 21.1%. BM25 consistently underperforms across all metrics,
reflecting its lack of semantic attribution capabilities.

6.2. Results on Medical Attributed QA

Dataset Strategy | Top-1 | Top-2 | Top-3 | Top-4 | Top-5
bm25 0.5188 | 0.6015 | 0.6692 | 0.6842 | 0.6992
HOSPITAL A - EHR | gtr-t5-base | 0.4812 | 0.5564 | 0.6316 | 0.6617 | 0.6767
MEDATTR | 0.4962 | 0.5714 | 0.6241 | 0.6617 | 0.6767
bm25 0.3553 | 0.3832 | 0.4025 | 0.4125 | 0.4165
MIMIC gtr-t5-base | 0.3786 | 0.4019 | 0.4145 | 0.4218 | 0.4251
MEDATTR | 0.3500 | 0.3999 | 0.4152 | 0.4212 | 0.4265

Table 2: AutoAIS scores for bm25, gtr and MEDATTR on HOSPITAL A dataset and
MIMIC-QA dataset

In Table 2, we present AutoAIS scores on the MIMIC and HOSPITAL A datasets.

On the HOSPITAL A dataset, MedAttr achieves comparable Top-5 attribution ac-
curacy (67.7%) to both GTR and BM25, while showing marginal improvements in more
complex QA tasks (e.g., MIMIC), validating its robustness across structured and unstruc-
tured clinical data.

BM25 has improved performance on this dataset, which is because of the presence of
tables, where keywords and entities matter more and not contextual semantic information.
Hence, sparse retrievers perform better in such settings.

On MIMIC, MedAttr slightly outperforms both baselines at Top-5 (42.65%), reflecting
its consistent advantage in deeper retrieval settings.

These results show that MedAttr remains effective across both structured and unstruc-
tured clinical data, even in high-stakes environments like EHRs.

The results showing diversity results are shown in Table 5 and ablation results are shown
in section B.2.

7. Limitations

This approach is more relevant in scenarios where the queries are ambiguous, multiple
answers are present or to avoid redundancy. For single hop queries this might add retrieval
overhead, hence increasing the time taken for attribution.

10
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Appendix A.
Dataset Submodlib  Alpha Label Match Accuracy Text Match Accuracy
Top-1 Top-3 Top-5 Top-10 Top-1 Top-3 Top-5 Top-10
0 0.167 0.350 0.417 0.533 0.000 0.033 0.033 0.033
0.25 0.233 0.383 0433 0567 0.017 0.033 0.033 0.033
GC 0.65 0.367 0.433 0.450 0.600 0.067 0.100 0.117 0.183
0.8 0.417 0.467 0.550 0.617 0.067 0.100 0.150 0.200
0.95 0.450 0.533 0.583 0.683 0.050 0.117 0.217 0.250
0 0.200 0.567 0.633 0.700 0.017 0.017 0.017 0.050
0.25 0.367 0.637 0.667 0.717 0.067 0.083 0.083 0.250
52D LogD 0.65 0.450 0.550 0.583  0.667 0.050 0.133 0.200 0.283
0.8 0.450 0.550 0.583  0.667 0.050 0.133 0.217 0.283
0.95 0.450 0.550 0.583  0.667 0.067 0.133 0.233 0.283
0 0.450 0.550 0.583  0.667 0.067 0.133 0.233 0.283
0.25 0.450 0.550 0.583  0.667 0.067 0.133 0.233 0.283
FL 0.65 0.450 0.550 0.583 0.667 0.067 0.133 0.233 0.283
0.8 0.450 0.550 0.583 0.667 0.067 0.133 0.233 0.283
0.95 0.450 0.550 0.583 0.667 0.067 0.133 0.233 0.283
0 0.338 0.613 0.725 0.817 0.014 0.021 0.028 0.056
0.25 0.338 0.648 0.732 0.824 0.014 0.021 0.028 0.070
GC 0.65 0.331 0.655 0.768 0.838 0.042 0.070 0.085 0.106
0.8 0.437 0.634 0.782 0.845 0.092 0.113 0.155 0.176
0.95 0.458 0.606 0.704 0.838 0.106 0.148 0.155 0.211
0 0.331  0.627 0.718 0.831 0.007 0.021 0.035 0.099
0.25 0.324 0.704 0.768 0.859 0.028 0.113 0.155 0.211
Human Stress .1 0.65 0458 0.606 0.739 0.845 0.106 0.148 0.162 0.218
0.8 0.465 0.627 0.718 0.852 0.106 0.148 0.162 0.218
0.95 0.479 0.641 0.718 0.845 0.120 0.148 0.155 0.211
0 0.430 0.648 0.725 0.845 0.085 0.148 0.155 0.211
0.25 0.430 0.648 0.725 0.845 0.085 0.148 0.155 0.211
FL 0.65 0472 0.641 0.725 0.845 0.099 0.148 0.155 0.211

0.8 0.472 0.641 0.718 0.845 0.099 0.148 0.155 0.211
0.95 0.486 0.641 0.718 0.845 0.113 0.155 0.155 0.211

Table 3: Comparison of Exact label Match and Exact Text Match Accuracy for S2D and
Human Stress Datasets. Submodular functions = {graph cut(GC), facility lo-
cation(FL), log determinant (LogD)}. We show how controlling the relevance
parameter « can achieve better results.

Quantitative & Clinical Performance Analysis on the S2D Dataset

The performance of three attribution strategies—MEDATTR, GTR, and BM25—on the
Symptom2Disease (S2D) dataset is examined in this section. Each sample consists of a
clinical text detailing a wealth of symptoms accompanied by its ground truth label (i.e., a

15



disease diagnosis). For each text, each technique produces three ascribed labels, which are
then assessed for clinical validity and alignment with the actual diagnosis.

Methodology

From the S2D dataset, we selected five representative clinical samples that span a range
of illnesses, including infectious, neurological, dermatological, and respiratory disorders.
The attribution outputs from the three approaches (MEDATTR, GTR, and BM25) were
evaluated based on:

1. Exact label match with the ground truth.

2. Clinical plausibility of alternate attributions.

3. Relevance and consistency within the context of the presented symptoms.

Comparative Attribution Performance: MedAttr vs GTR vs BM25

Table 4: Comparative Attribution Performance on the S2D Dataset

Text Ground MedAttr GTR BM25 Clinical Comments

ID Truth Match Match Match

17 Chickenpox YYY YNN NNN MEDATTR maintains strong
dermatological focus; BM25
retrieves  gastric/infectious
terms unrelated to rash.

24 Cervical YYY YYY NNN MEDATTR & GTR correctly

spondylosis capture the neurological con-
text. BM25 misattributes to
systemic infections.

29 Bronchial YYY YYY NNN MEDATTR/GTR capture the

Asthma respiratory nature; BM25
errors  suggest systemic
metabolic conditions.

37 Pneumonia YNY YYN NNN MEDATTR/GTR both rea-
sonable; a mix of asthma
and pneumonia is plausible.
BM25 misfires toward GI
issues.

54 Cervical YYY YYY NNN MEDATTR and GTR again

spondylosis consistent with neuro-

muscular symptoms; BM25
remains clinically irrelevant.
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Clinical Interpretation and Insights

1. MedAttr Accuracy and Diversity

Compared to GTR and BM25, MEDATTR demonstrates better clinical alignment and yields
a wider range of context-aware attributions.

e Text 17: Relates chickenpox to skin rash.

e Texts 24 and 54: Back pain, phlegm, and limb weakness are correctly linked to
cervical spondylosis.

e By recognizing symptom clusters (e.g., cough + sputum versus chest discomfort +
dyspnoea), MEDATTR distinguishes between bronchial asthma and pneumonia.

2. GTR as a Compromise

GTR yields reasonably accurate predictions but exhibits occasional semantic drift:

e Text 17: Incorrectly assigns a case of rash as impetigo, a disorder lacking systemic
Symptoms.

e In certain cases, GTR confuses asthma with bronchial asthma, which is clinically
plausible.

3. Clinical Irrelevance of BM25

BM25 often returns irrelevant or off-topic attributions:
e Text 17: Erroneously assigns a case of rash to Peptic Ulcer Disease.
e Text 29: Recommends diabetes or psoriasis for respiratory distress.

e Text 54: Inappropriately classifies cases of cervical spondylosis as UTIs, despite the
absence of urinary symptoms.

Final Clinical Perspective

Label correctness is only one aspect of attribution quality from a healthcare perspective.
It also involves assessing the model’s ability to understand complex clinical symptoms and
avoid making harmful or misleading recommendations. This is particularly vital in high-
stakes scenarios where mislabeling can cause detrimental care delays (e.g., pneumonia or
cervical disorders). While GTR performs respectably, it lacks subtle differentiation. BM25,
despite its strong lexical matching, fails to capture clinical context and may even be dan-
gerous if used to assist in medical decision-making.
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Method s2d (top-10) stress (top-3)

BM25 1.837 1.239
GTR 0.961 0.847
TSS 0.965 0.872

Table 5: Label entropy (in bits) of the top-k attributions for the s2d (top-10) and stress (top-
3) datasets. Higher values indicate a more even spread of labels in the selected set.
The TSS (Targeted Subset Selection) method optimizes a submodular objective
that combines a relevance term with a diversity term under diminishing returns.
This encourages it to retain highly relevant items (similar to GTR) while penalizing
redundant selections, leading to slightly higher label entropy and more balanced
coverage of labels compared to pure relevance-based selection.

Appendix B. Datasets

SYMPTOM2DISEASE (S2D)

A comprehensive collection of symptom-disease mappings. The dataset includes symptom
descriptions in plain language that are mapped to the appropriate disease classifications.
Each item includes a ground-truth diagnosis along with textual information based on symp-
toms. This dataset was especially helpful for proving the quality of attribution in categorical
label-based classification. Contains over 1200 symptom-to-disease mappings in textual for-
mat. We split it into splits of 969 entries for Train, 171 entries for Val, 60 entries for
test to generate conversations and guiding information (Mishra et al., 2024). We explicitly
assigned text segments to disease labels in order to mimic a conversational system con-
figuration. In this instance, attribution helped ground model outputs in understandable
reasoning by highlighting the most instructive symptom expressions associated with each
anticipated condition.

HUMAN STRESS PREDICTION (STRESS)

The Human Stress Prediction dataset includes data posted on subreddits related to mental
health of individual’s emotional and psychological states, with corresponding binary labels
and subreddit community labels. Annotated with stress levels, this dataset includes narra-
tive accounts of individual encounters. We used the GuideQ technique to divide long-form
inputs into two equal halves in order to convert this dataset into a conversational style.
The program then identified which textual segments had the most influence on the pro-
jected stress level by attributing classification judgements (such as stress category). This
framework made it possible to explain emotional states in a way that was easier to under-
stand and more conversationally based. The narrative form of the entries also made this
dataset particularly suitable for evaluating attribution in emotionally sensitive domains.
The dataset includes 2838 entries of personal diary-style notes, with annotations for differ-
ent stress levels, where we split into 2,291 entries are for train, 405 entries are for val, and
142 entries are for test, and we have used the test data for attribution evaluations.
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MIMIC-QA

The MIMIC-III clinical database, a popular benchmark in healthcare NLP, is the source of
the MIMIC-QA dataset. To mimic patient questions and doctor answers, we generated QA
pairs using clinical notes and discharge summaries from MIMIC. We have extracted 1503
QA pairs from 511 de-identified clinical notes.

Dataset Generation: Using an semi-automated pipeline, discharge summaries were parsed,
and question-answer pairs were formulated. We ensured that the answers could be directly
linked to the original note for high-fidelity attribution.

HOSPITAL A MEDICAL DATASET (PRIVATE)

The HOSPITAL A dataset consists of medical document images, including prescriptions,
diagnostic summaries, and discharge notes, sourced from a tertiary care academic hospital,
considering that this data is image-based and unstructured. First, a robust OCR pipeline
was used to preprocess scanned images and turn them into text. Concise, document-
grounded QA pairs were produced by running the converted inputs through the model.
Crucially, every response was guaranteed to be an exact copy of the original paper, which
made traceability easier and decreased hallucinations. The QA pairs were refined for lin-
guistic and factual clarity using a final correction procedure. Our attribution system was
evaluated within clinical decision support scenarios using this dataset, offering a realistic,
complex, and high-stakes environment for rigorous testing. 17 medical documents composed
of 50 page images encompassing prescriptions, discharge summaries having 133 extractive
question-answer pairs.

Dataset Generation: A semi-automated pipeline with human evaluation was designed
to convert medical document images into extractive QA pairs using the Meta Llama-3.2-
11B-Vision-Instruct model. This ensured answers were direct excerpts from the documents,
supporting high-accuracy attribution.

B.1. Targeted Submodular Subset Selection
B.1.1. GrRAPH CUT MUTUAL INFORMATION

Given a set V, a subset A and a query set ), graph cut mutual information is defined as
follows:

I (A;Q) =20 > sy

i€A jEQ

where s;; denotes the similarity between passage i and query j, and A is a scaling factor.

Overall, this function focuses on summing the similarities between the selected subset
A and the query set @ , serving as a measure of how relevant (or “mutually informative”)
A is with respect to @
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B.1.2. FaciLity LOCATION MUTUAL INFORMATION

Given a set V, a subset A and a query set ), Facility Location mutual information is defined
as follows:

I+(A: Q) = ; . .
£(4;Q) Zmln(r;le%sm, " I}ggsw)
eV
Iy can be viewed as a submodular function that captures the joint coverage of the ground
set V and the query set Q.

B.1.3. LoG DETERMINANT MUTUAL INFORMATION

Given a ground set V', a selected subset A C V| and a query set ), the LogD mutual infor-
mation is computed over a similarity kernel matrix K constructed using pairwise similarities
between items.

Formally, the function is defined as:

I4(4;Q) = log det(I + Kaugq)

where K 4y is the submatrix of the similarity matrix K restricted to the union of sets A
and @, and [ is the identity matrix of appropriate dimensions.

B.2. Ablation for MedAttr

Table 3 shows the results of an ablation study on the S2D and Human Stress datasets,
analyzing the impact of different submodular mutual information functions define in 3.3
and the relevance weight parameter .

Effect of a: Increasing a starting from o = 0, improves both the Label and Text Match
metrics. For example, using LogD on S2D, Label Match increases from 63.3% (a = 0) to
68.3% (a = 0.95) at Top-10. Most optimal results are acheived for « lying midway (0, 1).
As a — 1, the model behaves similarly to GTR. Facility location mutual information’s
performance seems almost invariant to alpha.

Submodular Function Comparison: Facility location mutual information exhibits sta-
ble and consistent performance across o values. In Human Stress, MedAttr using LogD
with o = 0.25 achieves the best Top-10 Label Match accuracy of 85.9%.

These findings confirm that MEDATTR performs better under larger budgets & at least
as good as a pure retrieval-based method and benefits from relevance-focused selection.
This makes MEDATTR both effective and adaptable for different medical dialogue and QA
contexts. Further qualitative analysis has been performed and is present A.
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