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Abstract
Evidence-Based Medical Question Answer-
ing (EB-MQA) aims to provide accurate and
verifiable responses to support clinical deci-
sions. To retrieve evidence from general med-
ical knowledge graphs (KGs), existing knowl-
edge augmentation methods use semantic simi-
larity or dynamic sampling for entity matching
and agentic expansion or subgraph scoring for
path retrieval. These approaches can introduce
entity-level noise from irrelevant or generic
entities and path-level noise from redundant
or spurious reasoning chains. We propose
ToToFilter, a train-free topic- and topology-
aware noise filtering framework with Topic-
Aware Entity Localization for query-relevant
entity anchoring and Topology-Aware Path Fil-
tering for path selection based on semantic con-
sistency, structural compactness, and informa-
tion specificity. Across four MQA benchmarks,
ToToFilter achieves average accuracy gains of
2.30 and 1.22 percentage points over DALK on
Llama3.1-8B and Qwen2.5-7B, with maximum
gains of 2.60 and 2.78 points. On PrimeKGQA,
it improves answer recall and triple recall by
up to 8.81 and 19.70 percentage points. Fur-
ther analyses verify the effectiveness of the pro-
posed two-level filtering framework.

1 Introduction

Medical Question Answering (MQA) aims to an-
swer clinical queries accurately (Singhal et al.,
2023; Wang and Zhang, 2024). Evidence-
based MQA (EB-MQA) follows Evidence-Based
Medicine (Sackett et al., 1996) by providing sup-
porting evidence for its answers (Gupta et al.,

Q: What causes Type 
2 Diabetes?

Options
(A) Insulin Resistance √ 
(B) Bacterial Infection  ×

G o l d  R e a s o n i n g : 
Insulin Resistance is 
identified as the direct 
driver and primary cause.
Gold Answer: (A)

Medical KGMedical KG

Noisy Entities
Hospital
Patient

Core Entities
Insulin Resistance
Bacterial Infection

(1) Entity-Level Noise 
(Irrelevant Entity Noise)

Reasoning: Diabetes is managed 
in Hospitals, which are high-risk 
zones for Bacterial Infections, 
suggesting a strong clinical origin.
Answer: (B)

(2) Path-Level Noise 
(Redundant Path Noise)
Insulin

Resistance
Type 2

Diabetes

Bacterial 
Infection

Irrelevant 
Nodes

Reasoning: The evidence shows 
Bacterial Infection triggers 
Chronic Inflammation, acting as 
the fundamental root cause.
Answer: (B)

Figure 1: Noise challenges in general medical KG
retrieval. (1) Entity-level noise: retrieval may favor
high-frequency generic nodes over core entities, yield-
ing irrelevant context. (2) Path-level noise: retrieval
can introduce redundant paths that obscure direct causal
links and trigger spurious pathogenic inferences.

2025), which is important for clinical decision sup-
port (Tun et al., 2025; Newton et al., 2024).

Current EB-MQA methods leverage large lan-
guage models (LLMs) (Singhal et al., 2025; Hiro-
sawa et al., 2024) with retrieval-augmented gener-
ation (RAG) to curb hallucinations (Xiong et al.,
2024; Zhu et al., 2025; Pal et al., 2023). Beyond un-
structured corpora, recent work retrieves evidence
from large-scale general medical knowledge graphs
(KGs), which provide broad-coverage structured
relations (Chandak et al., 2023; Zhao et al., 2025).
To denoise KG retrieval, existing methods mainly
operate at two levels: entity localization and path
reasoning. (1) At the entity-level, approaches use
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generative matching and dynamic sampling (Jiang
et al., 2025; Li et al., 2024), or structure-aware re-
ranking/subgraph construction (Yang et al., 2024b;
Matsumoto et al., 2024). (2) At the path-level, ap-
proaches construct reasoning chains through agen-
tic expansion or path scoring (Wen et al., 2024;
Xu et al., 2024), and improve path quality through
iterative verification (Ning et al., 2025).

However, existing methods still frequently fail
to localize topic-relevant core entities or introduce
logically redundant paths (Jiang et al., 2023), which
can overshadow valid evidence and impair reason-
ing reliability. This gives rise to two main forms of
retrieval noise. As illustrated in Figure 1, (1) Entity-
Level Noise arises when, for a question about the
etiology of “Type 2 Diabetes”, retrieval drifts to-
ward high-frequency generic nodes such as “Hos-
pital” and “Patient” instead of the diagnostically
central entity “Insulin Resistance”; therefore, the
first challenging problem is how to precisely an-
chor query-aligned core entities in massive KGs.
(2) Path-Level Noise arises when, even after the
correct anchor is identified, a direct path to “Type
2 Diabetes” is overshadowed by a longer and less
informative route through “Bacterial Infection”;
thus, the second challenging problem is how to fil-
ter candidate paths while balancing efficiency and
precision to retain a high-quality subset of knowl-
edge paths.

In response, we propose a Topic- and Topology-
aware Noise Filtering framework (ToToFilter) to
reduce retrieval noise and improve reliability. It
consists of two components: (1) At the entity-
level, the proposed Topic-Aware Entity Localiza-
tion (TEL) ranks and filters candidate mentions
by their diagnostic relevance to the question, and
then aligns the retained core concepts to KG nodes,
thereby accurately locating relevant evidence nodes
within the global graph. (2) At the path-level,
Topology-Aware Path Filtering (TPF) recalls multi-
hop paths among the localized KG nodes, scores
them by semantic relevance to the question, hop-
based compactness, and intermediate-node speci-
ficity, and then uses an LLM reranker to select the
most useful evidence chains for answer prediction.

Across four MQA benchmarks, ToToFilter im-
proves average accuracy over DALK by 2.30
and 1.22 percentage points on Llama3.1-8B and
Qwen2.5-7B, respectively. On PrimeKGQA, it im-
proves answer recall and triple recall by up to 8.81
and 19.70 points, respectively. Further analyses
verify the effectiveness of TEL and TPF in reduc-

ing entity- and path-level retrieval noise. Overall,
our contributions are as follows:

(1) We characterize two recurrent sources of noise
in medical KG retrieval: entity-level noise and
path-level noise.

(2) We propose ToToFilter, a train-free two-level
filtering framework that addresses both sources
through TEL and TPF.

(3) Experiments on five benchmark datasets show
that ToToFilter improves accuracy and retrieval
quality across backbones, while analyses verify
its ability to suppress noisy nodes and redun-
dant paths.

2 Related Work

2.1 Knowledge Augmentation Methods in
EB-MQA

Current EB-MQA methods benefit from the rapid
advancement of LLMs (Singhal et al., 2025; Hiro-
sawa et al., 2024), yet their inherent hallucinations
constrain clinical applications (Zhu et al., 2025; Pal
et al., 2023). To mitigate this, RAG is introduced
to provide domain knowledge (Xiong et al., 2024).
Some studies retrieve evidence from unstructured
corpora (Sohn et al., 2025; Xiong et al., 2025b),
but may introduce lengthy contexts and cause key
information dispersion (Liu et al., 2024).

To structure knowledge more effectively, some
studies build specialized KGs as curated tuples
(Matsumoto et al., 2024; Yang et al., 2024b; Lin
et al., 2024), but annotation is costly and transfer
across medical subtopics is limited (Zhang et al.,
2025; Abu-Salih et al., 2023). Recent work there-
fore leverages general-purpose medical KGs (Chan-
dak et al., 2023; Zhao et al., 2025; Du et al., 2025),
whose broad coverage comes with substantial noise,
motivating stronger denoising methods.

2.2 Entity- and Path-Level Denoising in KG
Entity-level denoising filters topic-relevant entities
via biomedical entity linking (Lin et al., 2024) or
query-driven subgraph construction (Zhang et al.,
2022). Path-level denoising addresses redundant
or invalid reasoning chains via flow-based prun-
ing (Chen et al., 2026), spurious-path mitigation
(Hu et al., 2022), self-reflection loops (Jeong et al.,
2024), process supervision (Xiong et al., 2025a),
and multi-source evidence fusion (Liang et al.,
2025). However, existing methods struggle to bal-
ance topological constraints with semantic scoring
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efficiency, and high-quality path filtering on gen-
eral medical KGs often incurs substantial computa-
tional overhead. In response, ToToFilter mitigates
entity- and path-level noise via two-level filtering.

3 Preliminaries

3.1 Task Formalization
In this work, the goal is to answer a medical ques-
tion correctly with high-quality supporting evi-
dence retrieved from medical KGs. Formally, given
a clinical query Q and a set of n candidate answer
options O = {o1, o2, . . . , on}, a framework F pre-
dicts an answer ô ∈ O together with a retrieved
reasoning path set T̂ :

(ô, T̂ ) = F(Q,O), (1)

where ô is expected to match the ground-truth an-
swer o∗ ∈ O, and paths in T̂ serve as supporting
evidence for answer generation. We instantiate F
as backbone LLMs augmented with medical KGs.

3.2 Revisiting Failure Modes in Existing
KG-Augmented Pipelines

We first probe the retrieval-side failure modes in
existing KG-augmented EB-MQA systems built
upon general-purpose medical KGs through a tar-
geted diagnostic study. Specifically, we find that
these methods are limited by: (1) entity-level noise,
where topic-irrelevant mentions bias retrieval to-
ward high-frequency generic nodes; and (2) path-
level noise, where many multi-hop connections
yield indirect or low-specificity chains that dilute
discriminative evidence and mislead reasoning.

We adopt a controlled “patch-in” protocol
for three KG-augmented baselines, BasicKG,
MindMap (Wen et al., 2024), and DALK (Li et al.,
2024), on MedQA and MMLU. For each baseline,
we add two lightweight denoising operations and
measure accuracy: (1) Baseline + TEL: we retain
highly topic-relevant entities and anchor them to
KG nodes. (2) Baseline + TEL + TPF: we further
select paths that are more direct and specific to sup-
press redundant or hub-mediated chains. All other
settings are unchanged, so performance changes
can be attributed to what evidence is retrieved.

Figure 2 exhibits a consistent pattern across base-
lines and datasets. First, retaining highly rele-
vant entities (+TEL) reliably improves accuracy
(orange bars). Intuitively, when topic-irrelevant
entities are admitted into the anchor set, retrieval
tends to over-explore generic hubs and broadly
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Figure 2: Controlled patch-in diagnostic study on
MedQA and MMLU. We probe entity-level and path-
level retrieval noise by progressively patching in TEL
and TPF into three KG-augmented baselines (BasicKG,
MindMap, DALK).

connected concepts, producing evidence that is
plausible but weakly diagnostic for selecting the
correct option. Second, choosing paths with di-
rect associations (+TPF) produces additional im-
provements (red bars), validating our claim that
redundant or spurious paths persist even after bet-
ter anchoring. General-purpose medical KGs fre-
quently admit many alternative multi-hop routes
between the same core entities; a non-trivial por-
tion of these routes are indirect, mediated by broad
clinical concepts rather than clinically actionable
evidence. Such paths easily mislead LLM-based
reasoning: long or hub-heavy chains can appear
coherent in natural language, while diluting option-
discriminative evidence. Therefore, path selection
must go beyond semantic plausibility and account
for question-specific topological cues that correlate
with specificity and evidential strength.

4 ToToFilter Framework

4.1 Overview

The preliminary results in Section 3.2 suggest that
the limitations of existing KG-augmented methods
could be due to retrieval-side noise arising at both
the entity and path levels. This motivates our de-
sign of ToToFilter as a two-level framework that ad-
dresses entity-level noise and path-level noise. As
shown in Figure 3, ToToFilter consists of two mod-
ules: (1) Topic-Aware Entity Localization, which
extracts query-relevant core entities and anchors
them to KG nodes; and (2) Topology-Aware Path
Filtering, which retrieves and selects informative
reasoning paths among the anchored entities.
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Figure 3: Overview of the ToToFilter Framework. This framework employs a two-level filtering strategy with
two components: (1) Topic-aware Entity Localization (TEL), which performs entity-level extraction, filtering, and
anchoring from the clinical query; and (2) Topology-aware Path Filtering (TPF), which performs path-level scoring
and selection to retain informative reasoning paths for answer generation.

4.2 TEL: Topic-Aware Entity Localization

Before entity localization, query screening classi-
fies questions as BIOMEDICAL or OTHER. Ques-
tions classified as OTHER are answered by the same
backbone without graph paths, while BIOMEDICAL

questions proceed through TEL and TPF.

For biomedical questions, KG retrieval starts by
mapping entities from the unstructured query to
KG nodes as anchors for retrieval. Since inaccurate
or overly generic anchors may introduce entity-
level noise by steering retrieval toward high-degree
hubs, as discussed in Section 3.2, TEL identifies
diagnostically important entities and aligns them
with KG nodes in two steps.

Step A: Topic entity extraction. A language
model first extracts candidate biomedical entities
from the question and answer options, after which
TEL filters and ranks them according to their clini-
cal roles in the reasoning process, including core
anchors in the question stem, discriminative find-
ings, and answer-choice target candidates. The
selected mentions are parsed, deduplicated, and
truncated to at most five entities, yielding the core
entity set Ecore = {ei}|Ecore|i=1 . The corresponding
extraction and selection prompts are provided in
Tables 19 and 20.

Step B: Core entity localization. Medical con-
cepts often appear in diverse surface forms (Fu
et al., 2023; Fan et al., 2025), whereas KG nodes
are typically normalized and may lack aliases (Kim
et al., 2025). To link free-text entities to normal-
ized KG nodes for path retrieval in Section 4.3,
we adopt a vector-similarity-based soft anchoring
strategy. Given a KG G = (V,R), each core entity

ei ∈ Ecore is mapped to its nearest KG node:

v̂i = argmax
v∈V

cos
(
Enc(ei),Enc(v)

)
, (2)

where cos(·) denotes cosine similarity. We retain
only high-confidence matches to form the anchored
node set:

VQ =
{
v̂i

∣∣∣ ei ∈ Ecore,

cos
(
Enc(ei),Enc(v̂i)

)
> τ

}
.

(3)

where τ is a confidence threshold.

4.3 TPF: Topology-Aware Path Filtering
Even with precise entity anchoring, retrieval over
dense medical KGs may still return paths that are
semantically related to the query but topologically
non-diagnostic, such as overly long chains or paths
mediated by generic hubs (Figure 1(2)). Our pre-
liminary study further shows that filtering paths
over the core entity subgraph improves evidence
quality (Figure 2). Therefore, this module aims to
identify a compact set of query-relevant and struc-
turally informative reasoning paths, ultimately pro-
ducing the final path set T̂ as high-quality evidence
for answer generation.

Step A: Candidate path recall. Given the an-
chored node set VQ and a maximum hop limit H ,
we first recall candidate shortest paths between an-
chored node pairs:

Tcand =
⋃

{u,v}⊆VQ

ASP≤H(u, v;G), (4)

where ASP≤H(u, v;G) denotes all shortest paths
from u to v in G with at most H hops. To con-
trol computational cost, Tcand is deduplicated and
truncated to at most Nmax paths.
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Step B: Multi-criteria path filtering. Each can-
didate path p ∈ Tcand with ℓ hops, is represented
as a node sequence (v0, v1, . . . , vℓ). A high-quality
path p is expected to have three complementary
properties: semantic relevance, structural compact-
ness, and information specificity.

(1) Semantic relevance. A useful reasoning path
should remain aligned with the question; other-
wise, even a valid KG path may introduce question-
irrelevant evidence (Yu et al., 2025, 2024). We
measure semantic alignment between a path and
the query by

Ssem = cos
(
Enc(Txt(p)),Enc(Q)

)
, (5)

where Txt(·) converts the path to natural language.
(2) Structural compactness. A reasoning path

should also remain compact, since each additional
hop introduces extra entities and relations, mak-
ing the path more likely to accumulate noise and
become less direct (Jiang et al., 2024). We there-
fore use hop count as the compactness score, i.e.,
Slen = ℓ, which is negatively weighted in the final
score to penalize overly long paths.

(3) Information specificity. Informative paths
should avoid generic hub nodes. In dense KGs,
high-degree nodes often connect to many concepts
and therefore carry weak discriminative value for
the current question (Sun et al., 2024). Accordingly,
we penalize paths that pass through high-degree
intermediate nodes:

Sdeg = max
v∈{v1,...,vℓ−1}\VQ

log
(
1 + deg(v)

)
, (6)

where deg(v) is the degree of node v. Anchored
query nodes in VQ are excluded from this penalty
because they serve as core anchors. The maxi-
mum operator characterizes the strongest hub ef-
fect along a path, reflecting that a single highly con-
nected intermediate node can make the whole path
less specific to the current question. If no penaliz-
able intermediate node exists, we set Sdeg = 0.

Candidate paths are then sorted by the coarse
ranking score S:

S = α · Ssem − β · Slen − γ · Sdeg, (7)

where α, β, and γ are hyperparameter weights.
Only the top Nc paths are retained as the coarse
candidate set Tcr.

Step C: Final path selection. Although the
coarse filtering removes many irrelevant paths, it

Algorithm 1: ToToFilter Inference
Input: Clinical query Q; candidate options

O; knowledge graph G = (V,R)
Output: Predicted answer ô

1 T̂ ← ∅;
2 if Q is classified as BIOMEDICAL then
3 Extract and filter Ecore by diagnostic

relevance (Sec. 4.2);
4 Anchor entities to obtain VQ by

Eq. (2)–(3);
5 if |VQ| ≥ 2 then
6 Construct Tcand by Eq. (4);
7 if |Tcand| > 0 then
8 Coarse-filter paths by

Eq. (5)–(7) and keep top-Nc as
Tcr;

9 Obtain T̂ by Eq. (8);
10 if |T̂ | = 0 then
11 T̂ ← top-Nf from Tcr;

12 Generate ô from Q,O, T̂ by Eq. (9);
13 return ô;

may still retain weakly informative ones. We there-
fore apply a final LLM-based reranking step:

T̂ = LLM
(
Tcr, Q,Nf ;Prerank

)
, (8)

where the LLM selects up to Nf question-relevant
and option-discriminative paths from Tcr under the
reranking instruction Prerank. If no valid reranked
result is returned, we fall back to the top-Nf paths
from the coarse filtering.

4.4 Answer Generation
Given the input question Q, candidate options O,
and the evidence T̂ , the framework predicts the
final answer by

ô = LLM(Q,O, T̂ ;Pgen), (9)

where Pgen is the answer generation instruction.

4.5 Inference and Complexity Analysis
Algorithm 1 summarizes the inference pipeline
of ToToFilter. Let KH(u, v) denote the num-
ber of shortest paths retrieved for an anchored
node pair {u, v} within H hops before truncation.
Its overall time complexity is O(|Ecore| log |V| +
|VQ|2(|V| + |R|) +

∑
{u,v}⊆VQ

HKH(u, v) +

|Tcand| log |Tcand|) (see Appendix A for details).
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In practice, the retrieval cost depends mainly
on the number of anchored node pairs and re-
trieved paths. TEL limits the number of anchored
nodes, while TPF filters retrieved paths before
LLM reranking and answer generation. The em-
pirical efficiency is further evaluated by the Pareto
analysis in Section 5.7.

5 Experiments and Analysis

5.1 Experimental Setup

To evaluate ToToFilter on MQA tasks, we as-
sess accuracy on four benchmarks: MedQA (Jin
et al., 2021), MMLU (Hendrycks et al., 2020),
PubMedQA (Jin et al., 2019), and MedExQA
(Kim et al., 2024). For retrieval quality, we re-
port Answer Recall@k and Triple Recall@k at
k ∈ {5, 8, 10} on PrimeKGQA (Yan et al., 2024).

ToToFilter is compared with representative base-
lines spanning direct KG retrieval (BasicKG),
graph-augmented reasoning and prompting with
GoG (Xu et al., 2024) and MindMap (Wen et al.,
2024), subgraph or hypothesis-guided evidence re-
trieval with SubgraphRAG (Li et al., 2025) and
HyKGE (Jiang et al., 2025), and dynamic KG
retrieval with DALK (Li et al., 2024). Experi-
ments are conducted with two open-source LLMs,
Qwen2.5-7B (Yang et al., 2024a) and Llama3.1-8B
(Grattafiori et al., 2024). Prompt templates and
hyperparameters are fixed before evaluation and
shared across both backbones and all four datasets.
Query screening is applied in all main experiments,
and accuracy is computed over the full test set, in-
cluding samples without retrieved KG paths. For
paired comparisons, we report exact McNemar
tests and paired-bootstrap 95% confidence inter-
vals on sample-aligned predictions.

The appendix provides more details for datasets
(B.1), baselines (B.2), metrics (B.3), implementa-
tion settings (B.4), extra results (C), and prompt
templates (D).

5.2 Main Result

Table 1 reports the full-test results. Relative to
DALK, ToToFilter achieves average accuracy gains
of 2.30 percentage points on Llama3.1-8B and 1.22
points on Qwen2.5-7B; the largest single-dataset
gains are 2.60 and 2.78 points, respectively. Per-
dataset paired tests identify a significant improve-
ment on Qwen2.5-7B/MedQA, with a 2.75-point
gain, a 95% confidence interval of [0.39, 5.11], and
p = 0.026. The remaining seven comparisons have

Table 1: Accuracy (%) on four MQA benchmarks. Avg.
denotes average accuracy. The best and second-best
results are highlighted.

Method MedQA MMLU Pub
MedQA

Med
ExQA Avg

Llama3.1-8B
Vanilla LLM 60.21 70.81 74.00 70.85 68.97
BasicKG 49.33 57.43 74.40 70.11 62.82
GoG 55.93 64.70 68.40 55.53 61.14
MindMap 60.80 70.71 74.60 70.11 69.06
SubgraphRAG 59.54 73.55 73.40 72.23 69.68
HyKGE 59.35 77.52 74.40 72.28 70.89
DALK 65.99 77.32 76.20 74.79 73.58

ToToFilter 68.03 79.87 78.80 76.81 75.88

Qwen2.5-7B
Vanilla LLM 51.14 65.33 68.80 73.94 64.80
BasicKG 54.99 74.92 71.20 73.40 68.63
MindMap 51.14 67.86 71.60 74.89 66.37
GoG 57.74 74.29 67.60 72.66 68.07
SubgraphRAG 59.39 74.39 72.23 73.40 69.85
HyKGE 56.95 77.66 69.20 76.06 69.97
DALK 60.30 78.71 73.80 75.64 72.11

ToToFilter 63.08 79.35 74.60 76.28 73.33

confidence intervals including zero. Appendix C.1
reports the complete results.

Several direct KG retrieval baselines fall below
the vanilla LLM on individual datasets, showing
that unfiltered graph evidence can interfere with
answer prediction. ToToFilter obtains the high-
est point estimate in all eight backbone–dataset
settings by filtering entity and path noise before
answer generation.

5.3 Evidence Retrieval Quality Analysis

To assess retrieval quality after noise filtering, we
evaluate competitive baselines on PrimeKGQA us-
ing two recall-based metrics: answer recall, which
measures whether retrieved evidence covers the
gold answer entity, and triple recall, which mea-
sures overlap between retrieved triples and the
gold reasoning evidence. As shown in Table 2,
ToToFilter consistently performs best on both met-
rics across both backbones. On Llama3.1-8B, it
surpasses the second-best method by 8.81 points in
answer recall and 19.70 points in triple recall; on
Qwen2.5-7B, the gains are 5.92 and 18.65 points,
respectively. This shows that ToToFilter improves
both answer-oriented evidence localization and
path-level noise suppression.

Regarding baseline performance, representative
methods reveal a clear trade-off between answer-
oriented retrieval and path filtering. DALK per-
forms relatively better on triple recall but lags on
answer recall, while HyKGE and SubgraphRAG
achieve stronger answer recall yet remain lim-
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Table 2: Retrieval quality comparison on PrimeKGQA dataset (all results in %). The best and second-best results
in each backbone block are highlighted in bold and shaded respectively.

Backbone Method Answer Recall ↑ Triple Recall ↑
@5 @8 @10 Avg @5 @8 @10 Avg

Llama3.1-8B

GoG 23.33 27.42 29.08 26.61 4.38 6.21 6.93 5.84
MindMap 26.08 31.25 33.58 30.30 1.04 1.24 1.29 1.19
SubgraphRAG 33.17 34.50 34.58 34.08 8.75 10.07 10.11 9.64
HyKGE 29.08 35.58 37.25 33.97 8.75 10.72 11.36 10.28
DALK 24.42 29.08 32.67 28.72 10.42 12.38 13.68 12.16

ToToFilter 42.42 43.00 43.25 42.89 31.39 31.99 32.19 31.86

Qwen2.5-7B

GoG 25.50 31.58 33.25 30.11 6.61 9.15 10.17 8.64
MindMap 33.08 39.17 42.50 38.25 0.57 0.82 0.85 0.75
SubgraphRAG 39.33 41.75 41.92 41.00 12.71 14.33 14.39 13.81
HyKGE 25.58 29.83 31.42 28.94 9.68 11.00 11.51 10.73
DALK 35.67 40.17 43.58 39.81 19.18 21.89 23.60 21.56

ToToFilter 46.67 47.00 47.08 46.92 39.81 40.33 40.49 40.21

Table 3: Impact of TPF scoring components on perfor-
mance and graph topology. Best results are highlighted
in bold.

ID Sem Len Deg Acc ↑ Avg
Hops ↓

Avg
Deg ↓

MedQA
0 61.35 2.93 2380.39
1 ✓ 61.84 2.86 2142.04
2 ✓ 61.32 2.67 1138.59
3 ✓ 61.43 2.73 1018.21
4 ✓ ✓ 62.97 2.53 1183.57
5 ✓ ✓ 62.69 2.59 1105.76
6 ✓ ✓ 62.57 2.53 1034.76
7 ✓ ✓ ✓ 63.08 2.53 1058.64

MMLU
0 78.40 2.75 1883.49
1 ✓ 78.81 2.75 1785.41
2 ✓ 78.45 2.63 1091.02
3 ✓ 78.75 2.73 1040.25
4 ✓ ✓ 78.97 2.52 959.86
5 ✓ ✓ 79.16 2.58 1020.76
6 ✓ ✓ 79.24 2.54 1089.54
7 ✓ ✓ ✓ 79.35 2.52 965.09

ited in suppressing path-level noise. In contrast,
ToToFilter improves both metrics simultaneously
through TEL and TPF. Using the top-10 retrieved
paths, ToToFilter also achieves consistently higher
gold-triple precision and hit rate than DALK and
MindMap (Appendix C.2).

5.4 Ablation Study

To validate the contribution of each core compo-
nent in ToToFilter, we compare the full model
against the vanilla LLM baseline and two ablation
variants: (1) w/o TEL replaces diagnostic filtering
and soft matching with naive truncation to the top-5
entities and threshold-free matching; (2) w/o TPF
directly selects the top-10 recalled paths without
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Figure 4: Ablation study of ToToFilter on Llama3.1-
8B and Qwen2.5-7B. We compare the full model with
two ablated variants and the vanilla LLM across four
medical QA benchmarks.

multi-dimensional scoring or reranking.
As shown in Figure 4, removing either module

reduces accuracy on both backbones. Removing
TEL produces the larger decline, supporting core-
entity filtering and soft matching, while remov-
ing TPF confirms the contribution of path scoring
and reranking. A further decomposition shows
that combining coarse scoring with LLM reranking
achieves the highest macro-average accuracy on
both backbones. Detailed results are provided in
Appendix C.3.

5.5 TPF Scoring Mechanism Analysis
We analyze TPF by ablating three scoring terms in
Eq. (7): semantic relevance (Sem), structural com-
pactness (Len), and information specificity (Deg).
For eight configurations, Table 3 reports accuracy,
average hops, and average degree, where lower
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Table 4: Case study on MedQA. Red marks hallucinated entities or spurious paths in baselines; green marks
clinically relevant evidence identified by ToToFilter.

Question: 36F smoker, eyelid retraction, proptosis, extraocular muscle enlargement with tendon sparing, low TSH/high T4,
TSI(+). Which intervention would most likely transiently worsen her eye symptoms?
Options: (A) External orbital radiation (B) Selenium (C) Systemic corticosteroids (D) Radioactive iodine
Method Captured Entities Reasoning Path Answer & Rationale
MindMap Smoke, CXCL8, Sele-

nium, IgG4 hepatopathy
Smoke → CXCL8 → inflamma-
tion → IgG4 hepatopathy

C ✗ Misframes the case as general inflammation
and argues steroids worsen metabolic instability.

Subgraph-
RAG Palpitations, Heat intoler-

ance, Arrhythmia
Palpitations → arrhythmia; Heat
intolerance → temperature dysreg-
ulation

C ✗ Focuses on thyrotoxic burden and attributes
worsening to steroid side effects.

DALK Thyrotoxicosis, External
orbital radiation, Extraoc-
ular muscle, Proptosis

External orbital radiation → ex-
traocular muscle → local edema

A ✗ Treats radiation as an acute irritant causing
transient worsening.

ToToFilter Eyelid retraction, Prop-
tosis, Smoking, TSI (+),
Radioactive iodine

(Orbitopathy + TSI) → Graves’
ophthalmopathy; Smoking →
higher risk; Radioactive iodine →
antigen release → flare

D ✓ Correctly identifies Graves’ ophthalmopathy
and links radioactive iodine to transient autoim-
mune flare.

hops and degree indicate higher retrieval quality.
Among the single-term settings (1–3), Sem (1)

contributes most to accuracy, whereas Len (2) and
Deg (3) mainly reduce hops and node degree. Pair-
wise combinations improve the balance between
answer accuracy and path structure, and the full
setting (7) attains the highest accuracy on both
datasets. On MedQA, average degree decreases
from 2380.39 to 1058.64 and average hops from
2.93 to 2.53. Additional parameter sensitivity anal-
yses for the entity threshold, hop limit, path bud-
gets, and TPF scoring weights are reported in Ap-
pendix C.4.

5.6 Retrieval Control Analysis
To better characterize the retrieval process, we
conduct control analyses on option access, KG
routing, query screening, and inference budget.
Removing answer options from retrieval reduces
macro-average accuracy by 1.50 and 0.84 percent-
age points on Llama3.1-8B and Qwen2.5-7B, re-
spectively. KG paths are retrieved for 30.60%
and 28.60% of samples, while disabling query
screening lowers accuracy to 74.03 and 72.37.
On Qwen2.5-7B, ToToFilter also uses 46.9% and
38.2% fewer tokens than DALK and MindMap
under a shared 1,024-token generation cap.

We then evaluate whether the retained paths
contribute to answer generation. Path perturba-
tions change 15.97–16.71% of predictions and re-
duce macro-average accuracy by 0.84–1.19 per-
centage points. Automatic evidence-faithfulness
evaluation on Qwen2.5-7B/MedQA further shows
higher support scores for ToToFilter than DALK
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Figure 5: Pareto analysis (accuracy vs. inference
time). Points denote method–benchmark results (color:
method; marker: benchmark; x-axis: inference time in
log). The black curve is the Pareto frontier; shading
marks the preferred upper-left region.

and MindMap among samples with retrieved evi-
dence. These results show that the retrieved paths
have a measurable effect on final answer selection.
Detailed settings and results are provided in Ap-
pendix C.5.

5.7 Pareto Efficiency and Accuracy Analysis

Figure 5 reports a Pareto analysis (Edelman et al.,
2023) to examine the trade-off between accuracy
and inference time. The Pareto frontier marks the
optimal boundary where no method achieves both
higher accuracy and lower latency.

ToToFilter lies on or near the Pareto frontier for
both backbones. Across nearly all benchmarks,
our method occupies the high-accuracy, moderate-
latency segment, outperforming strong baselines
such as DALK and HyKGE, which either require
much longer inference times for similar accuracy
or fall short in performance. MindMap and GoG
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are dominated in most tasks. Notably, BasicKG
achieves the lowest latency but at a substantial ac-
curacy cost, whereas ToToFilter shifts the frontier
upward to higher accuracy with only moderate in-
ference time increase. The raw inference-time data
used in this analysis are provided in Appendix C.6.

5.8 Case Study

Table 4 compares how different methods select
entities and reasoning paths on a representative
MedQA case. MindMap anchors on peripheral
nodes such as “CXCL8” and “IgG4-related hep-
atopathy”, while SubgraphRAG drifts toward
generic thyrotoxic signs. Both miss the orbital
evidence central to the question. DALK retrieves
partially relevant entities but confuses the treatment
option “external orbital radiation” with a clinical
finding. These entity errors further lead to spurious
reasoning paths and incorrect answers. In contrast,
ToToFilter preserves the decisive evidence, includ-
ing “eyelid retraction, proptosis, smoking history,
TSI (+),” and “radioactive iodine”, and forms a
coherent reasoning chain centered on Graves’ oph-
thalmopathy, leading to the correct decision. Addi-
tional case studies are provided in Appendix C.7.

6 Conclusion

In this paper, we propose ToToFilter, a framework
for mitigating interference from irrelevant entities
and redundant reasoning paths in KG-based MQA.
Extensive experiments on multiple MQA bench-
marks show that ToToFilter achieves higher av-
erage accuracy than strong baselines across both
LLM backbones. Future work will focus on devel-
oping query-adaptive weighting strategies, learning
richer joint semantic-structural representations, and
extending the framework to heterogeneous knowl-
edge sources and broader clinical tasks.

Limitations

While ToToFilter improves both answer accuracy
and retrieval quality, several limitations should
be noted. First, many medical questions depend
on temporality, severity, comorbidity, and patient-
specific context, whereas general medical KGs
mainly encode static relational facts. This mis-
match limits the ability of retrieved paths to fully
support clinical reasoning. Second, large medical
KGs naturally contain many plausible multi-hop
connections, making it difficult to completely avoid
weakly diagnostic paths during retrieval.
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A Complexity Analysis

In Algorithm 1, entity filtering and anchoring con-
tribute O(|Ecore| log |V|). For the anchored node
set VQ, all unordered node pairs are queried for
path retrieval. For each pair {u, v} ⊆ VQ, Neo4j
allShortestPaths performs graph traversal with
cost O(|V| + |R|) and returns KH(u, v) shortest
paths whose length does not exceed H . Return-
ing these paths therefore contributes an additional
O(HKH(u, v)) cost. Over all anchor pairs, the
path-retrieval cost is

O


|VQ|2(|V|+ |R|) +

∑

{u,v}⊆VQ

HKH(u, v)


 .

(10)
After retrieval, the returned paths are merged,

deduplicated, and truncated to at most Nmax can-
didates. Sorting the retained candidate paths by
the coarse score contributes O(|Tcand| log |Tcand|).
The overall time complexity is therefore

O
(
|Ecore| log |V|
+ |VQ|2(|V|+ |R|)
+

∑

{u,v}⊆VQ

HKH(u, v)

+ |Tcand| log |Tcand|
)
.

(11)

Here, KH(u, v) denotes the number of shortest
paths returned for an anchor pair before truncation
and depends on the graph structure, hop limit, and
node degree.

The implementation queries all unordered an-
chor pairs sequentially. After all pair queries are
completed, the returned paths are merged in query
order, and duplicate paths retain their first occur-
rence. The merged set is then truncated to at most
Nmax = 500 paths. The database queries do not
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use Nmax for early stopping. Coarse ranking sub-
sequently retains at most Nc = 50 paths, and LLM
reranking selects at most Nf = 10 paths.

Excluding storage of the KG and LLM param-
eters, storing the returned paths before truncation
requires O

(
H

∑
{u,v}⊆VQ

KH(u, v)
)

space. Af-
ter truncation, the retained candidate paths require
at most O(NmaxH) space.

B Additional Experimental Details

B.1 Dataset Details

We evaluate ToToFilter from two complementary
perspectives: medical question answering (MQA)
performance and retrieval quality. Unless other-
wise noted, all results reported in this work are
obtained on the public test split only.

For MQA evaluation, we use four bench-
marks. MedQA (Jin et al., 2021) is a large-
scale medical question answering benchmark de-
rived from USMLE-style examination questions,
which evaluates broad medical reasoning and diag-
nostic knowledge (English split: train/dev/test =
10,178/1,272/1,273). MMLU (Hendrycks et al.,
2020) is evaluated on the medical-domain sub-
sets used in our benchmark protocol, covering pro-
fessional medicine, clinical knowledge, anatomy,
college medicine, and related biomedical topics
(949 test questions). PubMedQA (Jin et al.,
2019) requires answering biomedical research ques-
tions with yes/no/maybe labels based on scien-
tific abstracts, emphasizing evidence-grounded
reasoning over literature content (labeled split:
train/validation/test = 450/50/500). MedExQA
(Kim et al., 2024) is designed for expert-aligned
medical explanation and answer generation, plac-
ing greater emphasis on explanation faithfulness
in addition to final prediction accuracy (develop-
ment/test = 25/940, 965 questions in total).

For retrieval evaluation, we use PrimeKGQA
(Yan et al., 2024), a benchmark constructed over
the PrimeKG medical knowledge graph. Unlike
standard MQA benchmarks, PrimeKGQA provides
executable query supervision and supporting graph
evidence, making it suitable for evaluating the
quality of entity localization and path retrieval
(83,999 question-answer pairs in total, with public
train/validation/test splits). We use this benchmark
to assess whether the retrieved subgraphs cover the
gold answer entities and supporting triples required
for downstream reasoning.

B.2 Baseline Details

We compare ToToFilter against representative base-
lines spanning KG-based and retrieval-augmented
reasoning frameworks.

BasicKG is a simple KG retrieval baseline con-
structed to reflect a standard graph-augmented QA
pipeline. It first extracts entities from the input
question using an LLM, aligns them to KG nodes
through embedding similarity, retrieves shortest
paths between anchored entities, and then textual-
izes the retrieved evidence together with the can-
didate options for final answer generation. This
baseline does not include topic-aware entity filter-
ing, topology-aware path filtering, or reranking.

GoG (Xu et al., 2024) treats the LLM as both
a reasoning agent and a knowledge source under
a Thinking-Searching-Generating framework. It
alternates between reasoning and external search,
allowing the model to iteratively expand evidence
during inference.

MindMap (Wen et al., 2024) builds a KG-
based prompting framework that organizes re-
trieved knowledge into structured reasoning paths
in the form of mind maps. By combining im-
plicit parametric knowledge with external graph ev-
idence, it aims to improve reasoning transparency
and interpretability.

SubgraphRAG (Li et al., 2025) retrieves task-
relevant subgraphs through learned graph scoring.
It uses MLP-based parallel triple scoring to identify
relevant graph fragments, which are then supplied
to the language model as external evidence.

HyKGE (Jiang et al., 2025) extends KG explo-
ration with hypothesis generation and fragment-
level reranking. It explicitly models intermediate
reasoning hypotheses and uses them to improve
graph evidence selection.

DALK (Li et al., 2024) adopts a two-level re-
trieval framework over dynamic knowledge graphs.
It combines staged retrieval with self-aware knowl-
edge acquisition to improve evidence quality under
complex reasoning settings.

B.3 Metric Details

We evaluate ToToFilter on both diagnostic accuracy
and retrieval quality.

Diagnostic Accuracy. For MQA, we report Ac-
curacy, defined as the proportion of questions for
which the predicted answer exactly matches the
gold label. We also report Average Accuracy, com-
puted as the arithmetic mean of accuracy scores

30762



across all four MQA datasets, to summarize overall
model performance across benchmarks with differ-
ent formats and difficulty levels.

Retrieval Quality. Following (Yan et al., 2024),
we use Answer Recall@k and Triple Recall@k.
Answer Recall@k measures whether the gold an-
swer entities are covered by the retrieved subgraph.
Specifically, after collecting the top-k retrieved
triples, we extract all unique entities appearing in
these triples and compute the proportion of gold
answer entities covered by this entity set. Triple
Recall@k measures the proportion of gold sup-
porting triples recovered among the top-k retrieved
triples, reflecting how well the retrieval module
captures relevant relational evidence. We report
both metrics at k ∈ {5, 8, 10} to evaluate retrieval
quality under different evidence budgets.

Path Precision. For the top-K retrieved paths,
we expand the paths into triples and deduplicate
the resulting triple set. Path Precision@K is the
proportion of these triples that match gold support-
ing triples. Hit@K is the proportion of samples
for which the top-K paths contain at least one gold
supporting triple.

Paired Statistical Evaluation. For sample-
aligned predictions, we compute paired-bootstrap
95% confidence intervals for the accuracy differ-
ence and apply the exact McNemar test to per-
question correctness.

B.4 Implementation Details

All methods are implemented in PyTorch 2.6.0
and all experiments are conducted on two NVIDIA
A800 GPUs. The backbone LLMs are deployed
with vLLM through an OpenAI-compatible API
interface. Unless otherwise specified, all methods
use the same backbone-specific inference settings.
Retrieved graph evidence is converted into textual
context and concatenated with the question, candi-
date options, and task instruction for answer gener-
ation.

Details for ToToFilter. For entity alignment,
we use Sentence-BERT (Reimers and Gurevych,
2019) with an MPNet backbone as Enc(·) and
set τ = 0.92. The maximum hop limit is H =
4, the candidate budget is Nmax = 500, and
(α, β, γ) = (8.0, 0.5, 0.3). Coarse ranking retains
at most Nc = 50 paths, and reranking selects at
most Nf = 10 paths.

Table 5: Paired statistical comparison with DALK.

Backbone Dataset N ∆ Acc. 95% CI McNemar p

Qwen2.5-7B MedQA 1272 +2.75 [0.39, 5.11] 0.026
MMLU 949 +0.63 [−1.69, 2.85] 0.651
PubMedQA 500 +0.80 [−2.00, 3.80] 0.683
MedExQA 940 +0.64 [−1.28, 2.55] 0.586

Llama3.1-8B MedQA 1273 +2.04 [−0.47, 4.56] 0.131
MMLU 948 +2.53 [−0.84, 6.01] 0.168
PubMedQA 500 +2.60 [0.00, 5.20] 0.066
MedExQA 940 +2.02 [−0.32, 4.26] 0.096

Table 6: Path precision and hit rate on PrimeKGQA
(%).

Backbone Method P@10 Hit@10

Llama3.1-8B DALK 3.29 24.56
MindMap 0.36 3.46
ToToFilter 27.20 63.99

Qwen2.5-7B DALK 6.21 38.50
MindMap 0.24 2.00
ToToFilter 48.25 77.71

C Additional Experimental Results

C.1 Paired Statistical Evaluation

Predictions are aligned by sample ID before com-
parison. Table 5 reports ToToFilter relative to
DALK, with confidence intervals expressed in ac-
curacy percentage points.

Qwen2.5-7B/MedQA is the only comparison
with p < 0.05 and a confidence interval above
zero.

C.2 Path Precision on PrimeKGQA

Table 6 reports path precision and hit rate using the
top-10 retrieved paths. ToToFilter achieves higher
gold-triple precision and hit rates than DALK and
MindMap on both backbones.

C.3 TPF Stage Decomposition

Coarse-only retains Eq. (7) and removes Step C.
Rerank-only disables all three coarse-scoring terms
and applies the LLM reranker to the same recalled
path set. TEL, path recall, and answer generation
remain fixed.

As shown in Table 7, the full pipeline achieves
the highest macro-average accuracy on both back-
bones. Across the eight backbone–dataset set-
tings, it performs best in seven, with coarse-
only exceeding the full pipeline by 0.75 points
on Qwen2.5-7B/PubMedQA. Among KG-success
samples, coarse ranking reduces 112.98–241.61 re-
called paths to 27.13–35.71, and LLM reranking
retains 6.32–7.72 final paths.
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Table 7: Macro-average accuracy and retained paths for
the two TPF stages.

Coarse-only Rerank-only Full

Backbone Acc. Paths Acc. Paths Acc.

Llama3.1-8B 74.55 11.74 74.01 2.64 75.88
Qwen2.5-7B 71.84 10.22 72.37 2.04 73.33

Table 8: Macro-average accuracy under TEL-threshold
and hop-limit variations. Values follow the listed setting
order.

Parameter Values Llama3.1-8B Qwen2.5-7B

TEL threshold τ 0.8 / 0.92 / 1.0 73.38 / 75.88 / 68.97 71.33 / 73.33 / 64.80
Hop limit H 4 / 6 / 8 75.88 / 72.81 / 73.66 73.33 / 71.36 / 70.06

C.4 Sensitivity Analysis of TEL and TPF
Hyperparameters

As shown in Table 8, τ = 0.92 and H = 4 achieve
the highest macro-average accuracy on both back-
bones. Increasing the entity threshold to 1.0 or
expanding the hop limit to 6 or 8 consistently re-
duces accuracy, indicating that broader entity or
path coverage introduces additional retrieval noise.

On Qwen2.5-7B/MedQA, we further vary one
TPF scoring weight at a time. The accu-
racy ranges for α, β, and γ are 60.80–63.08,
60.72–63.08, and 60.09–63.08, respectively, with
the default value attaining the highest accu-
racy in each scan. Path-budget scans cover
Nc ∈ {10, 20, 30, 40, 50, 60, 80, 100} and Nf ∈
{3, 5, 8, 10, 12, 15}. The default Nc = 50 and
Nf = 10 are optimal or near-optimal in most set-
tings and primarily bound the evidence context.

C.5 Retrieval Controls and Evidence
Dependence

This subsection reports detailed results for option
access, KG routing and query screening, inference
budget, path perturbation, and evidence faithful-
ness.

Option access. In the Q-only setting, answer op-
tions are excluded from TEL entity extraction and
re-ranking, KG anchoring, TPF scoring, and LLM
path re-ranking, and are provided only for final
multiple-choice prediction. Unsuccessful outputs
are counted as incorrect.

As shown in Table 9, Q-only retrieval lowers
macro-average accuracy by 1.50 and 0.84 percent-
age points on Llama3.1-8B and Qwen2.5-7B, re-
spectively. Qwen2.5-7B/MMLU is the only setting
that improves, from 79.35 to 80.49. When answer

Table 9: Accuracy (%) under the default and Q-only
retrieval settings.

Backbone Setting MedQA MMLU PubMedQA MedExQA Avg.

Llama3.1-8B Full 68.03 79.87 78.80 76.81 75.88
Q-only 66.90 78.50 77.15 74.97 74.38

Qwen2.5-7B Full 63.08 79.35 74.60 76.28 73.33
Q-only 61.51 80.49 72.89 75.08 72.49

Table 10: Per-dataset KG routing ratios (%).

Backbone Dataset N Success Skipped_OOD no_entity no_path

Llama3.1-8B MedQA 1273 45.01 1.57 32.21 21.21
PubMedQA 500 21.40 3.80 70.60 4.20
MMLU 949 29.40 9.69 45.21 15.70
MedExQA 940 17.13 21.91 49.04 11.91

Qwen2.5-7B MedQA 1273 41.87 1.73 36.37 20.03
PubMedQA 500 20.00 6.80 70.00 3.20
MMLU 949 28.13 11.59 46.58 13.70
MedExQA 940 15.74 27.87 47.87 8.51

options are also removed from final answer gener-
ation, macro-average F1/EM are 29.95/17.56 and
18.68/7.62 for Llama3.1-8B and Qwen2.5-7B, re-
spectively, providing a preliminary evaluation of
open-text transfer on the same benchmarks.

KG routing and query screening. Each sample
is assigned to one of four mutually exclusive rout-
ing states. Success denotes successful retrieval of
KG path evidence; Skipped_OOD denotes a ques-
tion classified as OTHER; no_entity denotes fewer
than two high-confidence anchors; and no_path de-
notes sufficient anchors but no usable graph path.

As shown in Table 10, the dataset-size-weighted
Success/Skipped_OOD/no_entity/no_path ratios
are 30.60/9.20/45.10/15.10 for Llama3.1-8B and
28.60/11.70/46.60/13.10 for Qwen2.5-7B. In both
backbones, no_entity accounts for the largest pro-
portion of KG bypass. Disabling query screen-
ing reduces macro-average accuracy from 75.88 to
74.03 and from 73.33 to 72.37, respectively. The
screening step takes 0.168 and 0.103 seconds per
item.

Inference budget. We measure actual API usage
over the 3,662 Qwen2.5-7B test samples across
the four MQA datasets under a shared 1,024-token
generation cap.

As shown in Table 11, ToToFilter uses 46.9%
fewer tokens than DALK and 38.2% fewer than
MindMap. Its average number of LLM calls is
lower than DALK and close to MindMap.

Path perturbation. To evaluate the contribution
of retrieved paths to answer prediction, we per-
turb the final evidence set by removing the three
highest-ranked paths, replacing paths with those
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Table 11: Average API usage per sample with Qwen2.5-
7B.

Method Tokens/item Calls/item

Vanilla LLM 288.8 1.00
MindMap 5,618.8 4.94
DALK 6,543.4 6.87
ToToFilter 3,472.7 5.50

Table 12: Macro-average accuracy and prediction
changes under path perturbations.

Setting Acc. (%) ∆ Acc. (pp) Flip Rate (%)

Original paths 74.60 – –
Remove top-3 73.42 -1.19 15.97
Random replacement 73.63 -0.97 16.71
Low-score only 73.41 -1.19 16.03
No evidence 73.77 -0.84 16.41

from other samples, retaining only low-ranked
paths, or removing all KG evidence. The results
are macro-averaged across both backbones and all
four datasets.

As shown in Table 12, all four perturbations
reduce macro-average accuracy by 0.84–1.19 per-
centage points and change 15.97–16.71% of predic-
tions, showing that the retrieved paths affect final
answer selection.

Automatic evidence faithfulness. We further
evaluate whether the retrieved evidence supports
final predictions on Qwen2.5-7B/MedQA. An auto-
matic judge assigns a support score of 2 for direct
support, 1 for partial but insufficient support, and 0
for absent, irrelevant, or unsupported evidence. The
Evidence column reports the proportion of samples
with retrieved evidence. Faith. all is computed
over all samples, whereas Faith. E, Strong E, and
Correct+Faith. E are computed over samples with
retrieved evidence.

Among samples with retrieved evidence,
ToToFilter obtains higher support scores than
DALK and MindMap. Its all-sample score is lower
than DALK because samples without KG evidence
receive zero, while the absolute scores remain low
for all three methods.

C.6 Details for Pareto Efficiency and
Accuracy Analysis

Tables 14 and 15 report the inference times used in
Figure 5.

Across both backbones, ToToFilter is faster than
DALK, MindMap, SubgraphRAG, and HyKGE on
all four datasets, while BasicKG remains the fastest
method.

Table 13: Automatic evidence-faithfulness evaluation
on Qwen2.5-7B/MedQA (%).

Method Evidence Faith. all Faith. E Strong E Correct+Faith. E

DALK 100.00 3.42 3.42 2.59 2.44
MindMap 100.00 1.89 1.89 1.65 1.57
ToToFilter 43.52 2.91 6.68 5.23 4.69

Table 14: Inference time (s/iteration), Llama3.1-8B.

Method MedQA MMLU PubMedQA MedExQA

BasicKG 5.67 4.56 4.04 2.22
GoG 35.85 34.61 34.70 97.27
MindMap 29.48 27.33 28.64 25.90
SubgraphRAG 13.57 15.11 23.61 14.10
HyKGE 47.39 31.87 65.85 83.89
DALK 50.08 50.50 42.78 37.73
ToToFilter 12.32 12.04 8.34 12.11

C.7 Detailed Case Studies

As a supplement to Section 5.8, we present two
detailed case studies through a comprehensive com-
parison of the retrieval results, reasoning paths, and
predicted answers of the baselines and ToToFilter.

To compare how different KG-enhanced reason-
ing methods retrieve evidence and construct answer
paths, we report a thyroid-related clinical case in
Table 16. Although several baseline methods cap-
ture partially relevant clinical entities, they fail to
establish the critical connection between Graves’
ophthalmopathy, smoking history, and the transient
worsening effect of radioactive iodine therapy. In
contrast, ToToFilter retrieves more targeted evi-
dence and produces a reasoning chain that better
aligns with the core diagnostic and therapeutic cues
in the question.

To compare the retrieved entities, reasoning
paths, and predicted answers produced by different
methods, we analyze a gynecological emergency
involving ectopic pregnancy and prior untreated
pelvic infection in Table 17. The comparison shows
that baseline methods tend to overemphasize direct
but overly generic pathogen–disease associations,
whereas ToToFilter more accurately captures the
latent clinical progression from untreated, indolent
pelvic inflammatory disease to tubal scarring and
ectopic pregnancy.

D Prompt Templates

This section provides the prompts used in ToToFil-
ter. For TEL, the entity extraction and re-ranking
prompts are shown in Tables 19 and 20. Candidate
entities are extracted from the question and options,
re-ranked by their clinical roles (core anchors, key
discriminators, target candidates, and context), and
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Table 15: Inference time (s/iteration), Qwen2.5-7B.

Method MedQA MMLU PubMedQA MedExQA

BasicKG 3.97 3.49 3.16 1.79
GoG 13.50 13.64 7.28 15.13
MindMap 23.86 22.59 21.70 14.61
SubgraphRAG 10.74 14.33 22.29 13.01
HyKGE 26.23 21.31 40.06 47.99
DALK 21.40 21.05 21.21 12.66
ToToFilter 9.86 9.10 7.28 5.13

then parsed, deduplicated, and truncated to form
Ecore.

For TPF, the path re-ranking prompt Prerank is
provided in Table 21. After path selection, Pverb
(Table 22) converts the selected KG paths into tex-
tual evidence:

C = Txt
(
T̂ ;Pverb

)
. (12)

If T̂ = ∅, we set C = ∅. The answer generation
prompt Pgen is provided in Table 23.

The query-screening prompt used before KG
retrieval is provided in Table 18.
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Table 16: Detailed comparison of reasoning paths for Case Study 1.

Item Content
Question A 36-year-old woman comes to the clinic because of tearing and a foreign body sensation in her eyes

bilaterally, which has gradually worsened over the last several weeks. She also notes having occasional
palpitations, nervousness, sweating, and heat intolerance. Her past medical history is unremarkable.
She reports a 20-pack-year smoking history and is currently a daily smoker. Physical examination
shows an anxious, trembling woman. She has eyelid retraction bilaterally, with an inability to fully
close her eyes. Her extraocular motility is limited on upgaze. There is no thyromegaly, and no thyroid
nodules are noted. Laboratory studies reveal a thyroid-stimulating hormone level of 0.1 µU/mL and
total T4 of 42 µg/dL. Thyroid-stimulating immunoglobulin is positive. CT scan of the orbits shows
proptosis and marked enlargement of the extraocular muscle with sparing of the tendons. Which of the
following would most likely transiently worsen this patient’s eye symptoms?

Options A. External orbital radiation
B. Selenium supplementation
C. Systemic corticosteroids
D. Treatment with radioactive iodine

Method Retrieval and Reasoning Process
MindMap Captured Entities: Smoke, CXCL8 (Interleukin-8), IgG4-related hepatopathy, Fever, Selenium,

Piroxicam, Multiple endocrine neoplasia.
Path: Smoke → CXCL8 → Inflammation → IgG4-related hepatopathy → Systemic drug interaction
→ Selenium → Piroxicam.
Reasoning: The clinical picture is dominated by markers of systemic inflammation (CXCL8, Fever)
and complex pathology potentially involving IgG4-related disease and hepatic abnormalities. In the
context of such unstable systemic inflammation and potential liver involvement, the administration
of high-dose systemic corticosteroids is associated with a risk of immune suppression and metabolic
disruption, which could aggravate the underlying inflammatory dysregulation suggested by the extracted
path, rather than addressing the specific thyroid pathology.
Predicted Answer: C (Incorrect)

SubgraphRAG Captured Entities: Palpitations, Arrhythmia, Eyelid retraction, Heat intolerance, Abnormality of
temperature regulation.
Path: Palpitations → parent-child → Arrhythmia; Heat intolerance → parent-child → Abnormality of
temperature regulation.
Reasoning: The patient’s primary complaints of palpitations (arrhythmia) and heat intolerance (ther-
moregulation abnormality) indicate a state of heightened sympathetic activity and metabolic instability.
Systemic corticosteroids are well-documented to induce side effects such as fluid retention, hypertension,
and tachycardia, which would directly exacerbate these specific cardiovascular and thermoregulatory
symptoms. Without specific knowledge of thyroid-eye interactions, corticosteroids are identified as the
agent most likely to compound the existing systemic burden.
Predicted Answer: C (Incorrect)

DALK Captured Entities: Thyrotoxicosis, External orbital radiation, Extraocular muscle, Proptosis.
Path: External orbital radiation → target → Extraocular muscle → effect → Local inflamma-
tion/Edema.
Reasoning: The patient exhibits marked enlargement of the extraocular muscles and proptosis. External
orbital radiation involves the direct application of high-energy rays to the orbital tissues. In the acute
phase, radiation therapy inevitably induces local tissue inflammation and edema in the already enlarged
muscles before any therapeutic fibrosis occurs. This direct physical trauma to the orbit is interpreted as
the primary cause for transient worsening of ocular symptoms compared to systemic pharmacological
interventions.
Predicted Answer: A (Incorrect)

ToToFilter Captured Entities: Eyelid retraction, Proptosis, Smoking history (20-pack-year), Thyroid-stimulating
immunoglobulin (Positive), Radioactive iodine, Systemic corticosteroids.
Path: Patient symptoms + TSI positive → Graves’ ophthalmopathy; Graves’ ophthalmopathy +
Smoking → High risk of progression; Radioactive iodine → Immunogenic surge → Exacerbation of
orbitopathy.
Reasoning: The patient presents with active Graves’ ophthalmopathy characterized by proptosis and
eyelid retraction, superimposed on a significant smoking history. While radioactive iodine is a standard
treatment for hyperthyroidism, it causes a release of thyroid antigens that can trigger an autoimmune
response, leading to a transient but significant worsening of ocular symptoms, particularly in smokers. In
contrast, systemic corticosteroids are indicated prophylactically to prevent this exacerbation. Therefore,
the intervention most likely to worsen the condition is radioactive iodine.
Predicted Answer: D (Correct)
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Table 17: Detailed comparison of reasoning paths for Case Study 2.

Item Content
Question A 24-year-old married woman presents to the emergency department with severe abdominal pain since

last night. She also complains of scant vaginal bleeding. She says she visited a physician last year who
said she had a pelvic infection, but she was never treated because of insurance issues. She also says her
period has been delayed this month. She is afebrile. The pulse is 124/min and the blood pressure is
100/70 mm Hg. On examination, her abdomen is distended and tender. A pregnancy test was positive.
A complication of infection with which of the following organisms most likely led to this patient’s
condition?

Options A. Candida albicans
B. Neisseria gonorrhoeae
C. Chlamydia trachomatis
D. Haemophilus influenzae

Method Retrieval and Reasoning Process
MindMap Captured Entities: Weak pulse, Acute gonococcal cervicitis, Sinusitis, Recurrent Haemophilus

influenzae infections.
Path: Acute cervicitis → disease disease → Acute gonococcal cervicitis → indication → Antibiotics.
Reasoning: The patient’s history of pelvic infection is mapped via the reasoning path to “Acute
cervicitis” and specifically “Acute gonococcal cervicitis.” The path retrieves explicit links between
acute cervical inflammation and Neisseria gonorrhoeae. Given the severity of the abdominal pain
described, the logic aligns with the clinical presentation of gonorrhea, which is known for causing more
acute and intense symptomatic PID compared to other pathogens. The retrieval emphasizes the direct
classification of cervicitis/PID with gonorrhea, leading to its selection as the causative agent.
Predicted Answer: B (Incorrect)

SubgraphRAG Captured Entities: Abdominal pain, IFNA2 (Interferon Alpha-2), Hepatitis.
Path: Abdominal pain → associated with → IFNA2 → associated with → Inflammation/Hepatitis.
Reasoning: The specific retrieval of IFNA2 and hepatitis in the context of severe abdominal pain
points toward an aggressive infectious etiology. In a gynecological setting, this constellation strongly
implies Fitz-Hugh–Curtis syndrome, a classic complication of virulent gonococcal infection involving
liver capsule inflammation. Consequently, the decision is driven by the alignment between retrieved
inflammatory markers, the severity of local symptoms, and the pathogen’s high-pathogenicity profile,
favoring Option B over the typically subclinical course of Chlamydia.
Predicted Answer: B (Incorrect)

DALK Captured Entities: Abdominal pain, Pelvic inflammatory disease, Vaginal disease, Neisseria gonor-
rhoeae.
Path: Female reproductive system disease → Pelvic inflammatory disease → disease disease →
Neisseria gonorrhoeae.
Reasoning: Neisseria gonorrhoeae is recognized as the prototypical causative agent of acute pelvic
inflammatory disease (PID), traditionally associated with intense localized inflammation and rapid
symptomatic onset. The reasoning is heavily dictated by the direct disease-disease relationship between
PID and Neisseria found in the knowledge graph, positioning this organism as the primary diagnostic
anchor. By prioritizing this canonical association, the logic aligns the patient’s acute abdominal distress
with the high virulence and acute pathogenicity profile of Neisseria. Consequently, the decision is
driven by the strongest retrieved etiological link, failing to account for the indolent, asymptomatic
nature of the untreated history, which would clinically favor the subclinical presentation of Chlamydia.
Predicted Answer: B (Incorrect)

ToToFilter Captured Entities: Abdominal pain (Severe), Vaginal bleeding, Pregnancy test (+), Pelvic infection
(Untreated), Pulse (124/min), Blood pressure (100/70 mm Hg).
Path: Patient symptoms (Pain + Bleeding + Positive Pregnancy) → Ectopic pregnancy; Untreated pelvic
infection → Tubal scarring → Ectopic pregnancy; Chlamydia trachomatis → Indolent/Asymptomatic
PID → High risk of untreated scarring.
Reasoning: The patient presents with the classic triad of ectopic pregnancy: abdominal pain, amenor-
rhea, and vaginal bleeding, confirmed by a positive pregnancy test. The vital signs suggest a ruptured
ectopic pregnancy requiring emergency care. The critical historical factor is the untreated pelvic infec-
tion. Chlamydia trachomatis is the most common cause of “silent” or indolent PID, which frequently
goes untreated due to mild symptoms, leading to significant tubal scarring that predisposes the patient
to ectopic pregnancy. In contrast, Neisseria typically causes acute, symptomatic infection that is more
likely to prompt treatment.
Predicted Answer: C (Correct)
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Table 18: Query-screening prompt (Pdom) used before KG retrieval.

Variable Prompt Content
Pdom Task: Classify the domain of the following medical exam question.

Question: “{question_text}”
Categories: 1. BIOMEDICAL: Questions about Diseases, Drugs, Anatomy, Physiol-
ogy, Genetics, Clinical Diagnosis, Pathology, Treatment. (Requires Knowledge Graph)
2. OTHER: Questions about Medical Physics, IT Systems (PACS, DICOM), Hospital
Management, Medical Ethics, Professionalism, Statistics, Legal issues. (Knowledge Graph
is irrelevant)
Instructions: - If the question mentions specific proteins, genes, or clinical symptoms,
choose BIOMEDICAL. - If the question mentions computer systems, protocols, or ethical
dilemmas, choose OTHER.
Output ONLY one word: “BIOMEDICAL” or “OTHER”.

Table 19: Prompt for Entity Extraction (Step A in the TEL module).

Variable Prompt Content
– Extract all the biomedicine-related entity from the following question and choices, output

each entity in a single line with a serial number (1., 2., ...).
Question: {question_text}
The extracted entities are:

Table 20: Prompt for Entity Re-ranking (Step A in the TEL module).

Variable Prompt Content
– You are an expert medical reasoning assistant. I will provide you with a raw list of entities

extracted from a question. Your task is to re-rank and select the top {max_entities} entities
based on their importance for constructing a reasoning path to answer the question.
The User’s Question: “{question_text}”
The Raw List of Entities: — {raw_entity_text} —
Ranking Criteria (Order of Importance): 1. Core Anchors (Highest Priority): The
central subject in the question text, such as the drug administered, known disease history,
exposure, intervention, or a specific gene mutation. These are the start nodes of reasoning.
2. Key Discriminators: Specific symptoms, lab findings, mechanisms, or physiological
changes mentioned in the text that help distinguish the correct answer. 3. Target Candi-
dates: Key entities found in the answer choices, such as potential side effects, diagnoses,
treatments, or mechanisms. These are the end nodes of reasoning. 4. Context: General
anatomical terms or vague symptoms, which receive the lowest priority unless needed to
support a medical relation.
OUTPUT FORMAT INSTRUCTIONS (STRICTLY FOLLOW): 1. Output ONLY the
entity names. 2. NO markdown formatting. 3. NO explanations, definitions, or labels. 4.
NO introductory text. 5. Output each entity on a new line.
Example of CORRECT Output: Risperidone Agranulocytosis Schizophrenia Gynecomastia
Weight loss
Your Ranked List:
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Table 21: Prompt for Path LLM Re-ranking (Prerank), corresponding to Eq. (8).

Variable Prompt Content
Prerank You are a world-class expert in medical knowledge graphs. You must precisely select the

top {MAX_FINAL_PATHS} paths from the list below that are most critical for answering
this multiple-choice question. The selected paths must be directly relevant to the specific
options and capable of distinguishing between correct and incorrect answers.
Question: {question_text}
Path List: {raw Path List}
Output ONLY the numbers of the most relevant paths, separated by commas. If none are
relevant or if they are duplicates, output NONE. Absolutely NO explanations, NO filler
text, and NO sentences like “none of them”—just output the numbers or NONE.

Table 22: Prompt for Path Textualization (Pverb), corresponding to Eq. (12).

Variable Prompt Content
Pverb You are a PrimeKG expert. PrimeKG is an UNDIRECTED graph. For every triple, you

MUST output the CORRECT clinical meaning according to these OFFICIAL PrimeKG
rules:
1. contraindication: ALWAYS “Patients with [disease/phenotype] should NOT use [drug]”
→ No matter the order, the second entity is the drug if one is a drug
2. drug_effect: ALWAYS “[drug] may cause [effect/phenotype]”
3. indication: ALWAYS “[drug] is approved to treat [disease]”
4. off-label use: ALWAYS “[drug] is used off-label for [disease]”
5. disease_phenotype_positive/negative: → If one side is disease→ “[disease] typically
[presents with / does not present with] [phenotype]”
6. All other relations: use neutral “is associated with”
Examples (order doesn’t matter): 1. Acetaminophen - drug_effect - Liver Failure →
Acetaminophen may cause Liver Failure (if overdosed). 2. Penicillin - contraindication
- Hypersensitivity→ Patients with Hypersensitivity should NOT use Penicillin. 3. Met-
formin - indication - Diabetes Mellitus→Metformin is approved to treat Diabetes Mellitus.
Now convert these triples: {Path}
Output format: Evidence 1: [correct sentence] Evidence 2: [correct sentence] ...
Only output the sentences, no extra text.

Table 23: Prompt for Answer Generation (Pgen), corresponding to Eq. (9).

Variable Prompt Content
Pgen (CoT) You are an excellent AI assistant to answering the following question. Question: {ques-

tion_text} You have some medical knowledge information in the following: {Natural
Language Paths} Answer: Let’s think step by step:

Pgen (Final) You are an excellent AI assistant to answering the following question.
Question: {question_text} You have some medical knowledge information in the
following: {Natural Language Paths} Answer: Let’s think step by step: {cot} The final
answer (output the letter option) is:
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