Linking Knowledge to Care: Knowledge Graph-Augmented Medical
Follow-Up Question Generation

Liwen Sun'*, Xiang Yu?, Ming Tan?, Zhuohao Chen?,
Angi Cheng?, Ashutosh Joshi?, Chenyan Xiong!

! Carnegie Mellon university

Abstract

Clinical diagnosis is time-consuming, requir-
ing intensive interactions between patients and
medical professionals. While large language
models (LLMs) could ease the pre-diagnostic
workload, their limited domain knowledge
hinders effective medical question generation.
We introduce a Knowledge Graph-augmented
LLM with active in-context learning to gener-
ate relevant and important follow-up questions,
KG-Followup, serving as a critical module for
the pre-diagnostic assessment. The structured
medical domain knowledge graph serves as a
seamless patch-up to provide professional do-
main expertise upon which the LLM can reason.
Experiments demonstrate that KG-Followup
outperforms state-of-the-art methods by 5% -
8% on relevant benchmarks in recall.

1 Introduction

Effective diagnostic performance relies not only on
reasoning over explicit patient information but also
on eliciting the right information. A significant
portion of diagnostic errors stems from failures in
comprehensive information gathering and history
taking (Tu, 2025; Erin P. Balogh and Ball, 2015;
Singh et al., 2013; Graber et al., 2013; Ely et al.,
2011). Generating adequate follow-up questions
can help reduce physician workload—from refer-
rals and repeat visits to corrective actions—while
lowering healthcare inefficiencies and costs, ulti-
mately improving patient satisfaction, especially
under time and resource constraints (Abimanyi-
Ochom, 2019; Singh and Sittig, 2020; Schiff et al.,
2009; Trowbridge et al., 2013).

In modern clinical practice, generating follow-
up questions is still manual and time-consuming,
limiting diagnostic efficiency. This work auto-
mates the process using LLMs that emulate physi-
cians’ inquiry strategies during medical encounters.
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However, existing LL.Ms often fail to identify in-
formation gaps across diverse symptoms (Xiong
et al., 2024; Li et al., 2024a, 2025; Gatto et al.,
2025). We introduce KG-Followup, a knowledge
graph—augmented framework that leverages struc-
tured medical concepts to guide LLMs in generat-
ing clinically relevant and comprehensive follow-
up questions (Chandak et al., 2023; Wu et al., 2024).
The framework integrates EHR-guided concept re-
trieval, DDX-guided reasoning, and KG-informed
active in-context learning to provide efficient, con-
textually grounded question generation—reducing
clinicians’ information-gathering burden and im-
proving diagnostic efficiency.

To enable comprehensive evaluation across di-
verse real-world clinical scenarios, we introduce
ClinicallnquiryBench, a novel benchmark specif-
ically designed to assess an Al system’s abil-
ity to generate clinically appropriate follow-up
questions. ClinicallnquiryBench was developed
through systematic transformation of publicly avail-
able physician-annotated clinical conversations
(Arora et al., 2025).

Our experiments show that KG-Followup out-
performs state-of-the-art methods on Clinicalln-
quiryBench and FollowupBench, achieving 70%
and 80% recall with an adequate number of ques-
tions. KG-informed active ICL is more effective
than random ICL in few-shot settings, and while
prompting more questions from the LLM improves
performance, KG-Followup achieves comparable
results with far fewer. Case studies show that KG-
Followup retrieves diverse symptom concepts, en-
abling comprehensive follow-up generation. Our
main contributions can be summarized as follows:

* We introduce KG-Followup, a knowledge
graph—augmented framework that guides
LLMs to generate clinically relevant and com-
prehensive follow-up questions.

* We curate ClinicallnquiryBench, a benchmark
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Figure 1: Our method generates preliminary questions from a patient’s message and EHR, extracts medical entities
via an LLM, applies (i) EHR-guided associative concept retrieval, (ii) DDX-guided reasoning path search, and (iii)
KG-informed active in-context learning, and finally filters the results into a controlled set of follow-up questions.

with diverse clinical scenarios to directly eval-
uate LLMs’ diagnostic question-seeking abil-

ity.

* We show that KG-Followup achieves state-of-
the-art performance, reaching 70% and 80%
recall on two benchmarks with a controlled
number of questions.

2 Methods

2.1 Task Formulation

Given a patient-doctor conversation C' and a lan-
guage model F',

Fgenerate(c) — Q - {(jla (j27 o a(jn} (1)
The goal is to produce a set O where each giis a
follow-up question to the conversational dialogue.
As our focus is on static information gathering, all

follow-up questions must be generated in a single
pass from the conversation history.

2.2 Preliminary Clarification

Given the conversation C, we first prompt the LLM
F to generate a preliminary set of follow-up ques-
tions Qpre. This step simulates an initial doctor
consultation in which the LLM, relying solely on
its internal knowledge, asks clarification questions
about the patient’s status before incorporating any
external clinical knowledge.

2.3 EHR-Guided Questions via KG Linking
Symptoms

To better identify the critical symptoms and dis-
eases mentioned in a patient’s messages, we first

prompt the LLM to extract key medical entities,
serving as a proxy electronic health record (EHR):

E= Fextract(o) = {613627-“3671}, ()
where E = {ey,...,e,} are the extracted clinical
entities. These entities form the starting nodes
in the medical KG, enabling more focused and
informed reasoning about the patient’s condition.
We link extracted entities to KG nodes using string
and embedding similarity, perform a breadth-first
search with specific depth to build entity-specific
subgraphs, and intersect them to identify shared
clinically relevant concepts.

Because not all intersected KG concepts are rel-
evant to the patient’s case, we rank intersected KG
concepts by relevance using the LLM and select
the top-k1 associative entities, then generate follow-
up questions from the patient conversation C' and
ranked concepts:

~

E= Frank-entity(Ea C), (3)
thr—kg =F generate(ca E ) . (4)

This enriches question generation with KG-derived
symptoms for more comprehensive, clinically rele-
vant inquiries.

2.4 DDX-Guided Questions via KG
Reasoning Diagnoses

To mirror the step-by-step reasoning physicians
use to narrow down a diagnosis through strategic
inquiry, we first conduct a differential diagnosis
(DDX) with LLM based on the patient’s current
condition, producing a set of possible diagnoses.
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Table 1: Major Results. / means the avg. number of
generated questions. Active ICL refers to ICL with KG-
informed hard examples.

ClinicallnquiryBench
Method FollowupBench
Dev Test

GPT-40 0.61/20 0.61/20 0.67 /40
MedGemma-27b  0.67/20  0.67/20 0.74 /40
Backbone: Claude Haiku

Zero-Shot-U 0.52/7 0.52/17 0.54/10
Zero-Shot-k 0.63/20  0.63/20 0.72 740
FollowupQ 0.63/20 0.65/20 0.73 /40
KG-Followup 0.70/20  0.70/20 0.77 /40
+ Random ICL 0.72/20  0.72/20 0.77 740
+ Active ICL 0.74/20 0.73/20 0.78 / 40
Backbone: Claude Sonnet

Zero-Shot-U 0.59/10 0.59/10 0.53/10
Zero-Shot-k 0.64/20 0.64/20 0.72 /40
FollowupQ 0.65/20 0.66/20 0.74 /40
KG-Followup 0.72/20  0.72/20 0.81/40
+ Random ICL 0.71/20 0.72/20 0.81/40
+ Active ICL 0.75/20 0.77/20 0.82/40

We then ask follow-up questions designed to elimi-
nate both worst-case and best-case diagnosis:

D = Fbest(C) U Fworst(c)a (5)

Qa; = Fetiminate(C,di), di€ D (6)

Qaax = Qdy - U ...Qu,, (7)

where D = {di,...,d,,} are total possible diag-

noses. The final question set is formed by tak-
ing the union of all targeted questions across the
candidate diagnoses to eliminate different possi-
bilities. Beyond the LLM’s internal knowledge
for DDX-based question generation, we integrate
structured medical knowledge from the KG, link-
ing each EHR entity to potential diagnoses through
reasoning paths. Critical intermediate nodes along
these paths provide additional context and medi-
cal grounding. Specifically, for each source en-
tity—target diagnosis pair (e;, d;), we sample ko
shortest reasoning paths F; ; in the KG. Since mas-
sive paths of the same length may exist, we then use
the LLM to select the single most relevant path H j
based on the patient’s context, pruning irrelevant
KG reasoning paths:

P, ; = shortest-path(e;,d;, G, k2), (8)

Pi,j = E‘ank-path(Pi,ja C), (9)
P=P..U..Pynm, (10

where the complete path set Pis aggregated from
all traversed reasoning paths across source en-
tity—target diagnosis pairs. We generate follow-up
questions using the selected paths and their critical

Table 2: Ablation study of different generation signals,
evaluated using Claude Haiku on the FollowupBench.

Method Recall / No.
Module: EHR-guided Generation

Rationale from retrieved KG triplets 0.72/25
Retrieved similar KG concepts 0.71/25
Intersected concepts across traversed subgraphs  0.72 /26
Module: DDX-guided Generation

DDX rule-out questions 0.72/26
+ KG reasoning paths 0.75/34
Module: Question Consolidation

KG-Followup w/o. consolidation 0.79/51
+ cluster merging 0.77/40
+ LLM selection 0.71/40

intermediate nodes as supporting knowledge:

C}ddx-kg = Fgenerate(ca P) (1 1)
These KG reasoning paths produce follow-up ques-
tions that are both clinically grounded and tailored
to the patient’s context. They also serve as a com-
plement to DDX-only follow-up questions.

2.5 Active In-context Learning via
KG-informed Hard Cases

KG not only helps identify additional symptoms
to inquire about but also aids in finding challeng-
ing patient queries. Inspired by active learning,
we treat these difficult cases as in-context learn-
ing (ICL) examples, providing them to the LLM
alongside the original patient conversation to guide
follow-up question generation. Specifically, when
patient messages lack source symptoms or cannot
be mapped to KG entities—making KG traversal in-
feasible—we treat them as hard queries and include
them as ICL cases: T = {(C1,Q1)......(Ct, Q¢) }.
The final question set is then constructed as:

Q = Qpre U thr-kg U Qddx U Qddx-kga (12)
where each generation module is augmented with
ICL using T to ensure effective handling of edge
cases and broader coverage beyond explicit symp-
tom questions.

2.6 Question Consolidation

To reduce redundancy among generated follow-up
questions, we embed all questions with a medi-
cal encoder and apply K-means clustering. An
LLM then refines multi-question clusters by merg-
ing overlaps and removing duplicates, yielding a
concise set for efficient patient interaction.
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Table 3: Ablation study of ICL example selection using
Claude Sonnet on ClinicallnquiryBench.

Method Dev Test

Random 0.71/20 0.72/20
KG-informed Hard 0.75/20 0.77/20
Supervised Hard 0.75/20 0.75/20

Ground-truth

Figure 2: Case Study. Red and indicate questions
generated from KG-retrieved symptom signals and the
LLM’s internal knowledge, respectively.

3 Experimental Setting

Datasets. We evaluate on two datasets: Followup-
Bench (Gatto et al., 2025), an expert-curated set
of 250 instances (avg. ~9 questions, no weights),
and ClinicallnquiryBench, derived from 5,000
HealthBench (Arora et al., 2025) cases filtered to
1,498 context-seeking instances, reformatted with
question weights (avg. ~5 questions). We split
ClinicallnquiryBench into 250 dev and 1,248 test
examples, sampling ICL examples from the dev set.
Curation details are in Appendix 6.2.

Evaluation Metrics. Following Gatto et al. (2025),
we use weighted recall as the main metric, com-
paring generated questions Q with ground truth
@ via LLM-as-judge (Zheng et al., 2023). Since
our goal is to capture those in the ground-truth set,
precision would unfairly penalize clinically valid
but unmatched questions. Details are in Appendix.
Baselines. We compare against: (1) Zero-Shot-U:
LLM generates an unrestricted number of follow-
up questions, serving as a proxy for preliminary
clarification. (2) Zero-Shot-k: fixed k& ques-
tions to study scaling with output size.(3) Fol-
lowupQ (Gatto et al., 2025): multi-agent sys-
tem with clarification, EHR reasoning, and DDX
modules (w/o. KG). (4) Random ICL: ran-
dom in-context examples to show the benefit of
KG-informed selection. We also evaluate GPT-
4o (et al., 2024) and MedGemma-27B (Sellergren,
2025) under the Zero-Shot-k setting.

w— Sonnet
GPT-4o
MedGemma-27B
FollowupQ
KG-Followup

10 20 30 40 50 60
Number of Questions

Random ICL
Active ICL 0.55

0 20 40 60
Number of Shots

(a) ICL trend (b) Zero-shot-k trend

Figure 3: Analysis of ICL and Zero-Shot-k trends with
Claude Sonnet on ClinicallnquiryBench: Figure (a)
shows the performance across shot numbers; Figure
(b) shows the effect of controlled Zero-Shot-k.

4 Evaluation Results

Major Results. Results in Table 1 show that KG
augmentation delivers consistent improvements
over SOTA methods without external knowledge,
exceeding them by over 5%. Incorporating KG-
informed active ICL further increases performance
by an additional 3% across both benchmarks.

Interestingly, Sonnet and Haiku perform com-
parably under Zero-Shot-k prompting. However,
with KG augmentation, Sonnet surpasses Haiku
by up to 4 points, indicating that Sonnet is more
effective at leveraging external knowledge.
Ablation Study. In Table 2, We tested multi-
ple KG augmentation strategies (e.g., RAG over
triplets, concept retrieval) and found minimal dif-
ferences. The DDX-guided module provided larger
gains than the EHR-guided one. Using an LLM
to trim questions reduced performance, while our
clustering-based merging preserved quality and ef-
ficiently reduced the pool from 51 to 40, easing
clinicians’ workload.

For active ICL, we also test a supervised vari-
ant selecting hard cases (recall = 0) from the dev
set in Table 3. Our unsupervised approach per-
forms competitively, confirming the effectiveness
of KG-informed hard case selection. As shown in
Figure 3a, performance rises with more in-context
examples, with few-shot active ICL outperforming
random ICL, offering better token efficiency.
Case Study. In the first case (Figure 2), ground-
truth questions contain diarrhea, while prelimi-
nary clarification only covers nausea and vomiting.
KG reasoning reveals hidden symptom links (e.g.,
diarrheal disease, weight loss), enriching LLM-
generated questions. In the last case, random ICL
misses non-symptom queries like geographic loca-
tion, whereas active ICL, guided by hard examples,
enables generating edge follow-up questions.
Zero-shot-k Analysis. Figure 3b shows that perfor-
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mance improves with more LL.M-generated ques-
tions but saturates beyond £>40. In contrast, our
method achieves similar results with fewer ques-
tions, enhancing the efficiency of doctor—patient
interactions.

5 Conclusion

This work tackles the follow-up question gener-
ation task through KG-Followup, a knowledge
graph—augmented framework that enables LLMs
to produce clinically grounded clarification ques-
tions. To support systematic evaluation, we curate
ClinicallnquiryBench, a large-scale dataset anno-
tated with follow-up question importance. Build-
ing on this resource, we introduce EHR-guided
and DDX-guided generation modules enhanced
with KG search and KG-informed active in-context
learning. Experiments show that KG-Followup
surpasses state-of-the-art methods by over 8% on
ClinicallnquiryBench and 5% on FollowupBench
in recall with an adequate number of questions.

Limitations

One limitation of this work lies in its dependency
on pre-constructed biomedical knowledge graphs
for question grounding. While the use of structured
knowledge enhances the clinical relevance and ac-
curacy of generated follow-up questions, it assumes
that the knowledge graph is both comprehensive
and up-to-date. In practice, many real-world EHR
systems may not have access to such high-quality
knowledge graphs, or may rely on domain-specific
ontologies with limited coverage. This reliance
may restrict the generalizability of KG-Followup
to low-resource clinical settings or rapidly evolving
domains where the KG lags behind current medical
understanding.

Additionally, while KG-Followup demonstrates
strong performance on ClinicallnquiryBench and
FollowupBench, both benchmarks are constructed
for offline evaluation and may not capture the full
complexity of real-world deployment settings, such
as clinical decision support tools or EHR-integrated
applications. In practice, deployed systems must
contend with incomplete or noisy data, diverse clin-
ical workflows, and evolving patient contexts. Ex-
tending this work to support more diverse and dy-
namic patient contexts would be an important step
toward real-world applicability.

Ethics Considerations

This work aims to enhance clinical question gen-
eration through knowledge graph—augmented lan-
guage models, with the goal of supporting clinician
decision-making. While the system operates on
de-identified, publicly available datasets, ethical
concerns remain regarding potential biases in both
the language model and the underlying knowledge
graph, which may influence the relevance or safety
of generated questions. Additionally, there is a risk
of over-reliance on automated suggestions in clin-
ical workflows. To mitigate these concerns, any
future deployment should include careful human
oversight, domain-specific auditing, and alignment
with ethical standards in healthcare Al including
fairness, transparency, and patient safety.
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6 Appendix
6.1 Related Work

Follow-up questions are a cornerstone of clini-
cal reasoning, enabling physicians to clarify am-
biguous details, uncover overlooked symptoms,
and guide diagnostic decision-making.(Kassirer
and Kopelman, 2010; Schmidt and Rikers, 2007).
MediQA (Li et al., 2024b) extends traditional
single-turn benchmarks such as MedQA (Jin et al.,
2020) into more realistic, interactive formats. Un-
like MedQA, where full patient context is given
upfront, real-world decision-making begins with
limited information. In such interactive settings,
LLMs often fail to ask clarifying questions and tend
to make premature or overconfident diagnoses.

To address this, FollowupQ (Gatto et al., 2025)
curates a dataset of ground-truth follow-up ques-
tions authored by physicians and introduces a multi-
agent system that generates personalized follow-
ups based on patient messages and EHR data. The
goal is to reduce ambiguity in medical conversa-
tions by helping clinicians collect the most rele-
vant, case-specific information. However, existing
datasets for Al-driven follow-up question genera-
tion remain limited in scale and scope, and they
fail to capture the varying diagnostic importance
of different questions. For instance, Followup-
Bench (Gatto et al., 2025) contains only 250 in-
stances and relies solely on static EHR information
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HealthBench (¥

Response Criterion

Asks about the duration of
insomnia, the pattern......

(Score: 9)

Followup-HealthBench ()
Repurposed Question Evaluation

User Input

Tcan't slecp at night
it's messing me up
sleeping schedule. ..

How long have you been experiencing
insomnia? (Score: 9)

Ts your insomnia consistent every night
or does it come and go? (Score: 9)

Recommends use of slecping
pills...... (Score: 6)
(Removed)

Figure 4: A curated instance illustration.

to motivate follow-up questions, without encoding
their relative diagnostic importance. This restricts
its ability to reflect realistic clinical reasoning and
the nuanced value of different follow-ups.

Knowledge graph (KG)—-augmented genera-
tion further advances medical question answer-
ing by allowing models to incorporate structured
biomedical relationships, leading to more accu-
rate and contextually grounded diagnostic rea-
soning. For example, PrimeKG (Chandak et al.,
2023) provides a large-scale biomedical KG that
supports knowledge-augmented inference. Med-
GraphRAG (Wu et al., 2024) leverages LLMs to or-
ganize retrieval-augmented generation (RAG) data
into graph structures, showing strong potential for
extracting holistic insights from long-form docu-
ments. MedReason (Wu et al., 2025) constructs su-
pervised fine-tuning data from KG reasoning paths
derived from GPT-4 to strengthen factual medical
reasoning. KARE (Jiang et al., 2025) integrates
community-level KG retrieval with LLM reason-
ing to improve healthcare predictions.

Building on these directions, our work explores
how associative medical concepts from KGs can
enhance follow-up question generation, enabling
LLMs to produce clinically grounded and diagnos-
tically useful questions.

6.2 Benchmark

Initially, we overview our source data, Health-
Bench, and then the curation process of Clinicalln-
quiryBench.

6.2.1 Preliminary

HealthBench (Arora et al., 2025) is an open-
source benchmark for evaluating the performance
and safety of LLMs in healthcare. It contains
5,000 multi-turn conversations between patients
and healthcare professionals, with responses as-
sessed against 48,562 unique rubric criteria curated
by 262 physicians. These criteria span diverse med-
ical contexts (e.g., emergencies, clinical data trans-
formation, global health) and behavioral dimen-
sions (e.g., accuracy, instruction following, commu-
nication), making HealthBench a comprehensive

Table 4: Theme coverage across HealthBench and Clin-
icallnquiryBench.

Theme Curated Instances (%) Original Instances (%)
Total examples 1498 (100.0%) 5000 (100.0%)
Global health 317 (21.2%) 1,097 (21.9%)
Hedging 348 (23.2%) 1,071 (21.4%)
Communication 99 (6.6%) 919 (18.4%)
Context seeking 312 (20.8%) 594 (11.9%)
Emergency referrals 132 (8.8%) 482 (9.6%)
Health data tasks 239 (16.0%) 477 (9.5%)
Response depth 51 (3.4%) 360 (7.2%)

foundation for benchmark development. Build-
ing on this, we construct ClinicallnquiryBench by
systematically filtering and transforming relevant
instances from HealthBench.

ClinicallnquiryBench explicitly centers on the
role of follow-up questioning in clinical conversa-
tions. Compared to prior benchmarks, it is larger in
scale, enriched with broader categories of follow-
up intent, and annotated with diagnostic impor-
tance. This design enables more rigorous evalua-
tion of whether LLMs can generate context-aware,
clinically valuable follow-up questions that mirror
physician clarification strategies. Clinicallnquiry-
Bench preserves all themes from HealthBench, en-
suring no loss of clinical scenario coverage. Sum-
mary statistics are shown in Table 4.

6.2.2 ClinicallnquiryBench Curation

Here, we describe the transformation of Health-
Bench into a follow-up question benchmark, along
with our problem formulation.

Rubric Filtering. We begin by selecting English-
only instances from HealthBench. From this subset,
we apply a filtering stage using Claude 4, designed
to identify rubrics that explicitly seek additional
clinical context—such as clarifying symptoms, nar-
rowing differential diagnoses, or obtaining miss-
ing patient history. Entries with empty rubrics or
rubrics unrelated to follow-up questioning are re-
moved to maintain dataset relevance.

Follow-up Repurpose. Then, we repurpose the
retained rubrics into explicit evaluation criteria for
follow-up question generation. Using Claude 4, we
reframe each rubric to emphasize the information-
gathering objective, enabling the benchmark to
assess whether a model can identify information
gaps and generate questions that are both clini-
cally relevant and diagnostically impactful. Impor-
tantly, each question in the benchmark is assigned a
weight score derived from its original rubric score
in HealthBench, reflecting its relative diagnostic
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Figure 5: Weighted recall rates by theme across models.
The KG-Followup framework is implemented using the
Claude Sonnet backbone.

importance. This transformation shifts the rubric
from a general conversational quality metric to a fo-
cused diagnostic questioning standard, producing a
dataset tailored for evaluating LLM’s capability to
simluate a focused diagnostic inquiry. One sample
is shown in Figure 4.

6.3 Implementation Details

For Qpre, we prompt the LLM to generate 20 ques-
tions for ClinicallnquiryBench and 40 questions for
FollowupBench. For Qddx, we prompt LLM to gen-
erates 2 worst-case and 2 best-case candidate diag-
noses, followed by 2 follow-up questions for each
diagnosis.For thr_kg, we use the top-10 ranked in-
tersected entities, and for Qddx_kg, we sample 30
reasoning paths for each source entity—target diag-
nosis pair to augment generation. No fixed question
number is enforced for thr_kg or Qddx_kg. We use
4 ICL examples from the development set. Before
consolidation, our framework generates an aver-
age of 30 questions on ClinicallnquiryBench and
50 on FollowupBench. We use MedEmbed-large-
v0.1 (Balachandran, 2024) as the medical encoder,
Claude Haiku and Sonnet as the LLM generator
and judger, and PrimeKG (Chandak et al., 2023)
as the external knowledge base. We will release
source code after the paper gets accepted.

6.4 Evaluation Details

We primarily use Claude Sonnet as the evaluator,
employing a list-wise prompt to assess whether the
generated questions are present in the ground-truth
question set.

6.5 Theme Analysis

We also present the model performance across dif-
ferent themes in Figure 5. KG-Followup achieves
competitive results across all themes compared to
other models. Among them, Health Data Tasks

emerges as the most challenging category, likely
due to its demand for precise structured reasoning
and high factual accuracy—where even minor er-
rors can significantly impact downstream clinical
decisions.
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