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Abstract

Electronic health records (EHRSs) support strong clinical prediction but often provide coarse, post hoc explanations
that are hard to use for patient-level decisions. We propose a knowledge-graph (KG)—guided chain-of-thought (CoT)
framework for visit-level disease prediction on MIMIC-III. We map ICD-9 codes to PrimeKG, mine disease-relevant
nodes and paths, and use these paths to scaffold temporally consistent CoT explanations, retaining only samples
whose conclusions match observed outcomes. We then fine-tune lightweight LLaMA-3.1-Instruct-8B and Gemma-7B
models on two small cohorts (400 and 1,000 index visits) across ten PrimeKG-mapped diseases. Our models outper-
form strong classical baselines, reaching AUROC of 0.66—0.70 and macro-AUPR of 0.40-0.47. Without additional
training, the models transfer zero-shot to the CRADLE cohort, improving accuracy from 0.40-0.51 to 0.72-0.77.
Blinded clinicians consistently prefer KG-guided CoT for clarity, relevance, and correctness. Code is available at
https://github.com/JonathanWry/KG-—guided-LLM-pipeline.
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Introduction

Electronic health records (EHRs) are now routinely collected across large and diverse healthcare systems, capturing
longitudinal data on diagnoses, medications, and laboratory results from millions of patients."»>3 As interest in dig-
ital medicine grows,*> these data are increasingly used to train predictive models for outcomes such as in-hospital
mortality, readmission, and disease onset, often using benchmark cohorts like MIMIC-IIL.%7 Classical models such as
logistic regression and tree-based ensembles remain popular due to their robustness, global interpretability, and ease of
deployment in clinical systems,” while neural architectures including recurrent and attention-based models have been
explored to capture temporal dynamics and co-occurrence patterns in EHR data.®2 Despite these advances in predic-
tive performance, most EHR models provide only coarse, post hoc interpretability (such as global feature importance,
attribution scores, or attention weights), offering limited support for patient-specific, clinician-facing reasoning about
why a particular outcome is likely.”-%%10

Advances in large language models (LLMs) and reasoning-oriented architectures offer a potential remedy: LLMSs can
generate intermediate reasoning steps alongside predictions, enabling explicit chain-of-thought (CoT) narratives that
articulate why a given prediction should hold.'"-1?131# In principle, such step-by-step explanations could bridge the
gap between accurate prediction and clinically usable justification for clinical predictions. However, applying CoT
in medicine remains challenging. High-quality, clinically validated CoT datasets are scarce'>!® and unconstrained
LLM reasoning can introduce hallucinated or medically incorrect intermediate steps, which is particularly problematic
in high-stakes clinical decision making.!”!'® These limitations have motivated efforts to constrain or ground LLM



reasoning using external knowledge sources to improve factual reliability. Biomedical knowledge graphs (KGs) such
as PrimeKG integrate curated relationships among diseases, phenotypes, drugs, and genes, and have been leveraged to
enhance factual grounding in medical question answering and decision-support systems.'® 18

In this paper, we connect these previous works by integrating biomedical KG structure directly into the CoT generation
process for visit-level disease prediction on structured EHR data. We propose a KG-guided CoT framework for
MIMIC-III® that produces clinically grounded reasoning rather than unconstrained free-form explanations. In our
formulation, each visit-level instance uses ICD-9 code features from an index visit ¢ to predict a binary disease label
at the immediately subsequent visit t+1. Concretely, we map ICD-9 codes to PrimeKG'® through a three-stage
entity-alignment procedure combining exact matching, embedding-based similarity retrieval, and LLM-driven clinical
validation. Using these mapped entities, we identify disease-specific relevant features and extract KG paths linking
each feature to its corresponding disease, pruning spurious or clinically irrelevant chains with GPT-40. Guided by these
paths, we prompt an LLM to generate temporally consistent, KG-anchored CoT explanations of whether a disease will
appear at the next visit, and we retain only those reasoning traces whose conclusions match the ground-truth label.
We then fine-tune lightweight open-weight models on this KG-anchored CoT supervision corpus so that, at inference
time, they take ICD-9 features together with disease-specific KG evidence as input and produce both predictions and
clinician-style explanations. This enables data-efficient, interpretable patient-level prognostic reasoning grounded in
biomedical knowledge graphs.

We evaluate this framework on ten PrimeKG-mapped diseases in MIMIC-III across small patient cohorts (400 and
1,000 patients), where our KG-anchored CoT supervision enables LLMs to outperform strong classical baselines such
as XGBoost and Random Forest, achieving AUROC of approximately 0.67 and 0.70 and macro-AUPR of approxi-
mately 0.40 and 0.47, respectively. Clinician evaluations further show that KG-guided CoT yields substantially clearer,
more coherent, and more clinically sound reasoning across three dimensions: clarity & coherence, coverage & rele-
vance, and correctness & soundness. Finally, our CoT-tuned models transfer effectively to the CRADLE cohort for
forecasting cardiovascular events within one year after type 2 diabetes, improving accuracy from roughly 0.40-0.51
(untuned LLMs) to 0.72-0.77 without any retraining, and providing more temporally consistent and clinically plausi-
ble explanations. Together, these results demonstrate that KG-anchored CoT supervision enables small LLMs to learn
data-efficient, clinically grounded prognostic reasoning that generalizes across cohorts.
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Figure 1: General pipeline for KG-guided CoT data generation. Observed clinical features are denoted in Blue;
Intermediate KG nodes are denoted in Green, and the Target disease is denoted in Red.

Preliminaries. A knowledge graph (KG) is a structured representation of entities and their relationships, typically
modeled as a graph G = (V, E) where V' denotes the set of entities (nodes) and E the set of typed edges encoding
relations among them. In the biomedical setting, KGs organize curated knowledge about diseases, phenotypes, drugs,
genes, and related concepts, and provide an explicit relational backbone that can be used to guide or constrain model
reasoning. Since biomedical relations in our external knowledge source are represented as direction- and type-specific
(e.g., disease — gene and gene — disease may be encoded as distinct edges), we treat the underlying biomedical
KG as a heterogeneous directed multigraph. Specifically, we adopt PrimeKG'® as our external knowledge source



for grounding visit-level prognostic reasoning. PrimeKG is a large-scale biomedical KG that integrates curated re-
lationships among diseases, phenotypes, drugs, genes, and other biomedical entities into a unified graph. We use it
as the substrate for (1) aligning structured EHR concepts to KG nodes, (2) identifying disease-relevant neighborhood
regions, and (3) extracting reasoning paths that connect clinical features to target diseases.

Prediction Task. We consider a next visit disease prediction task over structured EHR data. For each patient, let
{x;}I_ | denotes a sequence of visits ordered in time, where each visit is represented as a binary feature vector x; €
{0,1}¥, with N the dimensionality of the code space. Let D denotes a set of disease labels of interest, and for each

d € D and visit index ¢, define a binary outcome yt(i)l € {0, 1}, indicating whether disease d is present at the next

visit t+1. The model’s goal is, for each pair (z,d), to estimate a probability ﬁgi)l = f(z¢,d) and an associated

binary decision yt(i)l about whether d will appear at visit t+1. Our KG-guided models are additionally conditioned
on disease-specific KG evidence (relevance sets and reasoning paths) associated with d, as described below. In our
experiments, we instantiate this general setup using ICD-9 diagnosis codes as features, with N = 7,423 and |D| = 10

diseases on the MIMIC-III cohort (details in the Results section).

KG Entity Mapping. To incorporate structured biomedical knowledge, we align ICD-9 concepts from MIMIC-III
to PrimeKG nodes through a three-stage mapping procedure. Let Ejcp denote the set of unique ICD-9 descriptions,
and let V; be the node set of PrimeKG. For each entity e; € FEjcp, we retrieve a similarity-ranked candidate set
S; = {s1,...,8¢c} C Vg obtained by encoding e; and all KG node labels using a text embedding model and ranking
candidates by cosine similarity. The final mapped entity é; is selected in three stages:

Stage 1 (Exact match). If the ICD-9 text of e; exactly matches a node label s. in S;, we record é; = s.

Stage 2 (Similarity match). If an exact match is not found and the top similarity score exceeds a predefined threshold
T (set to 0.85), we select the most similar entity:

é; = arg max cos(e;, s.) if max cos(e;, s.) > T.
5c€S; sc€S;

Stage 3 (LLM-based filtering). All provisional mappings {é;}?_, from Stages 1 and 2 are then passed to GPT-4o,
which validates or revises them to ensure clinical correctness, yielding the final mapped entities

é; = LLM(e;, &; | Letect),

where Igeject 1S the prompt that asks the LLM to confirm, correct, or reject the candidate mapping based on clinical and
biomedical plausibility. This three-stage procedure produces a final set of 1,513 mapped ICD-9 feature nodes and 10
mapped disease nodes, which serve as anchors for downstream relevance mining and reasoning path construction.

KG Relevance Node and Path Mining. Let {¢/ }7_, denote the mapped ICD-9 feature nodes and {é,}4ep denote
the mapped disease nodes in PrimeKG (here n=1,513 and | D|=10). Each é,4 corresponds to one of the target diseases,
while the é{ represent potential risk factors, comorbidities, or intermediate biomedical concepts. Our goal is to derive,
for each disease d € D, a compact set of KG reasoning paths linking a small subset of feature nodes to that disease.
For disease-centric node relevance, we present the disease node €, and the set of all mapped feature nodes {élf 1 to
GPT-40 and identify the most relevant features for predicting the presence of €, at ¢t+1. This yields relevance set:

Ra = {éx.a} e = LLM({e] 111, éa | Inodeselect);  Knode =8

where each é;, 4 is a mapped feature node selected from {élf 11, for disease d. Given R4, we extract reasoning
chains from PrimeKG by computing all shortest paths between each feature node éj, 4 € R4 and the disease node €.
Following prior work on KG-grounded reasoning,?*2! we use shortest paths to limit “overthinking” and preserve only
the most immediate biomedical relations:

Py.,a = shortest_path(éy 4, é4, G, L),

Kpa ~ A N
Pd = {Pk,d}kif = LLM({’P}C’d : ek,d S Rd}, €q

Ipathselect) ) Kpalh =35,



where shortest_path(-,-; G, L) denotes the set of all minimum-length paths between two nodes in the biomedical
knowledge graph G (PrimeKG), subject to a maximum hop bound L (we use L=5 in our experiments) to avoid
overly long, weakly supported chains. Since multiple paths may exist for a disease, many of which are clinically
irrelevant, weakly supported, or redundant, we apply GPT-40 under a path-selection instruction a1 _select t0 Obtain a
disease-level path set, yielding a compact subgraph capturing mechanistic or epidemiologic links from relevant clinical
concepts to disease d. These subgraphs serve as the KG-grounded evidence used in our subsequent CoT generation.

CoT Generation with KG-Guided Reasoning. Utilizing the disease-specific KG reasoning paths P, as guidance,
we distill reliable knowledge from the off-the-shelf KG into our CoT data. To achieve this, we prompt the LLM to
consider these paths together with KG-related evidence and the observed feature nodes, and to elaborate them into
medically grounded CoT explanations of the prediction, represented as

Cra=LLM(d, i, RE(t), Ry (8), Pay oD | Loen)s
R;r(t) = {ék,d € Ry ‘ xt(ék,d) = 1}, R;(t) =Ry \R;r(t)

Here I,y is the CoT instruction prompt, and =, € {0, 1}N is the binary ICD-9 feature vector for the index visit at
time ¢, with 2,7 = {c | 24(c) = 1} denoting the set of ICD-9 codes present at that visit. The term yt(i)l € {0,1} is the
ground-truth label indicating whether disease d is present at the next visit ¢+1. The sets R (¢) and R (¢) indicate
which disease-relevant KG nodes mapped from PrimeKG are expressed and not expressed at time ¢, respectively. The
condition x4 (éx,q) = 1 means that the ICD-9 code corresponding to KG node é;, 4 is present in the feature vector x;.

Filtering. Each generated CoT C 4 is required to end with an explicit binary conclusion gjt(i)l € {Yes,No}. We use
this conclusion to decide whether to keep the example: C} 4 is kept if and only if the CoT-implied label matches the
ground-truth outcome yt(i)l, ie., g§i)1 = yt(i)l. The surviving set of (2, d, Cy 4, yt(i)l) pairs forms a compact but high-
quality KG-grounded supervision corpus. We fine-tune lightweight open-weight LLMs (e.g., LLaMA,*> Gemma?®?)

on this dataset so that, at test time, they produce both predictions and clinician-style reasoning traces.
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Figure 2: Schematic and example of KG-guided CoT generation and filtering. Observed clinical features are denoted
in Blue; Intermediate KG nodes are denoted in Green, and the Target disease is denoted in Red.



Results

Dataset. We work with longitudinal visits from the MIMIC-III critical care database.® Following the setup of Haru-
tyunyan et al.,>* we focus on patients with more than one hospital visit and construct all pairs of adjacent visits. For
each such pair, the earlier visit serves as the index visit at time ¢ and the later visit provides labels for the next visit at
time ¢+1. This preprocessing yields 12,353 labeled index visits (i.e., visit pairs), which we refer to as patient cases in
the remainder of the paper.

Each index visit at time ¢ is represented as a binary ICD-9 feature vector z; € {0, 1}V with N = 7,423, where each
dimension indicates the presence of a specific ICD-9 code during that visit. The original task is formulated as a multi-
label prediction problem over 25 acute-care conditions derived from Clinical Classifications Software (CCS).?* In this
work, we adopt the same 25 disease labels but evaluate on |D|=10 diseases that map cleanly to PrimeKG (Table ??).

For each disease d € D and index visit ¢, the prediction target is a binary label yii)l € {0, 1} indicating whether d
is present at the next visit ¢+1. Models take as input (z;,d) (and, for certain variants, KG evidence constructed as
described in the Method section) and output a probability ﬁii)l and a binary verdict. e split 12,353 index visits by visit
(10% test) and subsample training sets of 400 and 1,000 visits for data-efficiency experiments, using the remainder for

validation.

In addition to MIMIC-III, we evaluate zero-shot transfer on Project CRADLE (Emory Clinical Research Analyt-
ics Data Lake Environment), a de-identified EHR repository from Emory Healthcare. Following prior work,> we
focus on patients with type 2 diabetes and formulate a binary prediction task: whether a patient will experience a
f:a'r('hova'scular dlosease .(CVD) event w1.th1n'0ne year of the mupie 1. The 10 MIMIC-III diseases mapped into
initial diabetes diagnosis. CVD endpoints include coronary

- ” ) e . PrimeKG and used as prediction targets.
heart disease, congestive heart failure, myocardial infarction,

and stroke, identified via ICD-9/ICD-10 codes. After applying  Mapped Disease Label Category

standard inclusion/exclusion criteria from the original CRA-

. . . . . Acut dial infarcti Cardi 1
DLE studies, the resulting cohort contains 36,611 patients with cute myoeatdia’ tiarction arciovaseuiat
12724 bi f Chronic kidney disease Renal
’ Inary features. Chronic obstructive pulmonary disease  Respiratory
Evaluation Metrics. Since both the MIMIC-IIT and CRADLE ~ Conduction disorders Cardiovascular
cohorts exhibit substantial class imbalance, we therefore report ~ Coronary atherosclerosis -~ Cardiovascular
accuracy, area under the receiver operating characteristic curve Dlabet,es mellitus (I,IO complication) Meta.bOhC
.. Essential hypertension Cardiovascular
(AUROC), area under the precision-recall curve (AUPR), and . . . .
F1 . luati s, F d Gastrointestinal hemorrhage Gastrointestinal
macro-F1 as our primary evaluation metrics. For accuracy an Pneumonia Infectious

F1, we convert predicted probabilities to binary decisions us-  gpock Critical
ing a fixed threshold of 0.5. Table [I]lists the 10 diseases used

as prediction targets.

Experiment: We conduct experiments under two training regimes: one using 400 index-visit cases and another using
1,000 index-visit cases. Unless otherwise noted, all models are evaluated using a fixed decision threshold of 0.5 on the
predicted probabilities.

As shown in Table 2, KG-guided CoT fine-tuning substantially boosts the performance of both LLaMA-3.1-8B and
Gemma-7B in the low-data MIMIC-III setting. With only 400 labeled index visits data, the KG-CoT-tuned LLaMA
model attains the best accuracy and macro-F; and the highest macro-AUPR across all methods, while matching the
AUROC of the strongest logistic regression baseline (=~ 0.67). Gemma-7B shows a similar trend: KG-CoT supervision
raises its macro-AUPR from 0.25 to 0.40 and macro-F; from essentially zero to ~ 0.40, bringing it in line with the
tuned LLaMA variant. When the training set is increased to 1,000 cases, both KG-guided models improve further, with
LLaMA-3.1 achieving the top accuracy, AUROC (=~ 0.70), and macro-AUPR (~ 0.47), and Gemma-7B achieving
the highest macro-F;, consistently outperforming classical baselines such as XGBoost and Random Forest. These
results indicate that KG-anchored CoT supervision enables small open-weight LLMs to learn data-efficient, clinically
grounded prognostic reasoning that is competitive with or superior to traditional EHR prediction models.



Table 2: Data-efficiency comparison on MIMIC-III visit-level disease prediction with 400 and 1000 index visits (10

diseases). Best metric in bold, second-best underlined.

Model MIMIC-III (400 index visits) MIMIC-III (1000 index visits)
Acc AUROC AUPR Acc AUROC AUPR F1

LLaMA3-8B (orig.) 0.4709 0.5604 0.2773 0.3327 0.4709 0.5604 0.2773 0.3327
LLaMA3-8B + KG-CoT (FT) 0.8389 0.6683 0.4049 0.4050 0.8544 0.6995 0.4685 0.4058
Gemma-7B (orig.) 0.7475 0.5152 0.2528 0.0169 0.7475 0.5152 0.2528 0.0169
Gemma-7B + KG-CoT (FT) 0.8211 0.6648 0.4002 0.3976 0.8458 0.6609 0.4363 0.4263
SGD 0.7277 £ 0.0251 0.6342 £0.0211 0.3595 +0.0235 0.1183 £ 0.0474 0.6886 £ 0.0243 0.6563 4= 0.0115 0.3840 £ 0.0114 0.1508 + 0.0176
Logistic Regression 0.7503 £ 0.0096 0.6690 + 0.0054 0.3970 & 0.0067 0.0990 £ 0.0277 0.7280 £ 0.0158 0.6874 4+ 0.0105 0.4178 £ 0.0049 0.1238 £ 0.0138
SVM 0.7385 £ 0.0000 0.6468 £ 0.0095 0.3824 + 0.0032 0.1246 & 0.0000 0.7391 £0.0011 0.6873 4 0.0042 0.4256 £ 0.0054 0.1275 + 0.0058
MLP 0.7334 £ 0.0105 0.6492 £ 0.0096 0.3803 + 0.0145 0.1368 & 0.0211 0.7029 £ 0.0299 0.6642 4 0.0086 0.3911 £ 0.0069 0.1917 £ 0.0367
RF 0.7999 £ 0.0030 0.6155 £ 0.0084 0.3687 4 0.0053 0.1970 £ 0.0043 0.8107 & 0.0024 0.6574 £ 0.0076 0.4024 4 0.0049 0.2191 + 0.0042
Naive Bayes 0.5810 £ 0.0240 0.6010 £ 0.0162 0.3373 &+ 0.0155 0.3672 £ 0.0090 0.5394 £ 0.0185 0.6224 4 0.0039 0.3581 £ 0.0064 0.3836 = 0.0036
XGBoost 0.8018 £ 0.0037 0.6476 £ 0.0053 0.3938 & 0.0085 0.2090 £ 0.0058 0.8159 £ 0.0018 0.6799 & 0.0095 0.4309 £ 0.0060 0.3065 =+ 0.0058

To isolate KG guidance and filtering effects, we compare three
variants at 1,000 index visits in Table 3. Removing KG guid-
ance or using unfiltered CoT traces reduces AUROC/AUPR,
suggesting that ungrounded or noisy rationales degrade rank-
ing performance. Overall, KG-grounded and curated CoT su-
pervision is key to strong AUROC/AUPR in this regime.

To assess cross-cohort robustness, we evaluate the MIMIC-
trained models zero-shot on CRADLE (36,611 patients;
12,724 binary features) to predict cardiovascular disease
within one year after type 2 diabetes diagnosis, without re-
training or calibration. MIMIC-trained models transfer to
the CRADLE cohort to forecast cardiovascular disease within
one year after the diagnosis of type 2 diabetes. For the
LLaMA-3.1 backbone, fine-tuning on 400-1,000 MIMIC-III
cases increases accuracy from 0.40 to 0.75-0.77 and macro-F;
from 0.34 to 0.46-0.51, while modestly raising AUROC (to
~ 0.52-0.53) and AUPR (to ~ 0.25). Gemma-7B exhibits a
comparable pattern: accuracy rises from 0.51 to 0.72—0.77 and
macro-F; from 0.31 to about 0.48, again with modest changes
in AUROC and AUPR. These results suggest that the reason-

Table 3: Ablation on MIMIC-III visit-level disease
prediction with 1000 patient index visits. Best metric
in bold, second-best underlined.

Setting Acc  AUROC AUPR Fl

LLaMA3-8B + KG (unfiltered) 0.8485 0.6589 0.4473 0.4023
LLaMA3-8B (no KG, filtered) 0.8613 0.6640 0.4637 0.4357
LLaMA3-8B + KG 0.8544 0.6995 0.4685 0.4058

Table 4: Zero-shot transfer on the CRADLE cohort.
Best metric in bold, second-best underlined.

Model Acc  AUROC AUPR Fl

Llama3-8b-it (orig.) 0.4026 0.5170 0.2241 0.3446
Llama3-8b-it-400_data (FT) 0.7508 0.5176 0.2512 0.5143
Llama3-8b-it-1000_data (FT) 0.7686 0.5348 0.2488 0.4567

Gemma-7b (orig.) 0.5102 0.5052 0.2198 0.3064
Gemma-7b-400_data (FT) 0.7217  0.5023 0.2209 0.4905
Gemma-7b-1000_data (FT)  0.7654 0.4845 0.2121 0.4763

ing learned from KG-guided CoT supervision on MIMIC-III generalize across cohorts and spaces, enabling zero-shot

transfer of backbones to out-of-distribution EHR data.

Human Evaluation. To evaluate whether KG-guided CoT improves explanation quality, we conducted a blinded
human study comparing our KG-anchored LLaMA-3.1 model with its untuned baseline. For each of 115 randomly
sampled cases, clinicians were shown an input summary, the ground-truth outcome, and two anonymized model out-
puts (A and B), each containing a prediction and its reasoning trace (one KG-guided, one baseline). Without knowing
which model produced which trace, clinicians made a pairwise preference judgment (A vs. B) along three comple-

mentary dimensions:

1. Clarity & Coherence (presentation): he trace is easy to follow, logically ordered, and avoids jumps, circular

reasoning, or contradictions.

2. Coverage & Relevance (evidence selection): the trace surfaces key patient-specific factors for the target dis-
ease, stays clinically focused, and avoids generic or distracting content.



3. Correctness & Soundness (clinical validity): clinical claims and timelines are medically plausible and consis-
tent with the provided features/outcome (no fabricated details or inappropriate causal leaps), and the conclusion
follows from the stated evidence.

These dimensions are intentionally distinct: clarity evaluates how the reasoning is communicated, coverage evaluates
what evidence is selected and emphasized, and correctness evaluates whether the medical content is accurate and
logically warranted. The annotation was performed by two human experts from different medical schools: an MD
professor and an MD/PhD student in biomedical informatics. In total, 115 unique cases were annotated, with the MD
professor reviewing 65 cases and the MD/PhD student reviewing 50 cases.

Inter-rater consistency. To quantify consistency across adjudicators, we additionally double-annotated a random
subset of noyerap Of 55 cases (both clinicians independently rated the same cases across all three dimensions) and
computed Cohen’s x on the binary preference decision (KG-guided vs. baseline). Agreement was ke for Clarity &
Coherence, Koy for Coverage & Relevance, and ko for Correctness & Soundness.

On the 115 annotated cases, both clinicians preferred oty & Coherence
the KG-guided model (Model A) over the untuned base- ‘

line (Model B): 96.5% for Clarity & Coherence, 94.8%

for Coverage & Relevance, and 98.3% for Correctness
& Soundness. Qualitatively, clinicians noted that KG-
guided CoT traces more often (i) organized evidence
temporally, (ii) highlighted clinically meaningful risk

Coverage & C and

K=0.66 K=0.58 K=0.64
KG-Guided
98.3%

KG-Guided

KG-Guided
96.5% 94.8%

factors over superficial code patterns, and (iii) avoided
unsupported leaps or hallucinated details. By contrast,
the untuned baseline was described as more “trigger-

Figure 3: Clinician preference for KG-guided explanations
vs. the untuned baseline across three dimensions (donuts
show % preferred; remainder is baseline).

happy” (more likely to conclude YES from weak sig-
nals). While both models are sensitive to poor or incomplete inputs, the baseline was more prone to repetitive differ-
entials and illogical reasoning, especially on short or noisy inputs.

Discussion

We introduce a KG-guided chain-of-thought (CoT) framework that uses PrimeKG structure to scaffold LLM reasoning
over structured EHRs. By mapping ICD-9 codes to PrimeKG,'® mining disease-specific relevance sets and short
paths, and applying label-consistency filtering, we build a compact supervision corpus for data-efficient fine-tuning of
lightweight LLMs.

Finding 1: KG-anchored CoT improves low-data learning, especially under imbalance. Across both 400 and
1,000 labeled index visits (Table 2), KG-guided CoT substantially improves LLaMA-3.1-8B and Gemma-7B and is
competitive with strong classical baselines. Gains are largest on macro-AUPR (e.g., = 0.25 — 0.40 for Gemma
at 400), suggesting with KG-anchored supervision encouraging disease-relevant evidence over superficial code co-
occurrence.

Finding 2: Filtering and KG evidence play complementary roles. In the ablation (Table[3), filtering alone yields
the best accuracy/F;, while adding KG evidence yields the best AUROC (up to = 0.70). Practically, filtering reduces
noisy supervision and spurious positives, whereas KG structure strengthens ranking; threshold calibration can further
improve accuracy/F;. Future work can further improve threshold-dependent metrics (accuracy/F;) by calibrating
decision thresholds per disease or cohort.

Finding 3: Zero-shot transfer mainly shifts the operating point, motivating calibration. On CRADLE (Table[d),
fine-tuned models boost accuracy (0.72-0.77) with only modest AUROC/AUPR changes, indicating a changed deci-
sion rule under a fixed threshold rather than large ranking gains. Deployment evaluations should therefore include
calibration and threshold selection, especially across cohorts with different prevalences and coding practices.

Finding 4: Clinicians preferred KG-guided explanations. Clinicians preferred KG-guided traces on clarity/coherence,
coverage/relevance, and correctness/soundness for most cases (Section [I)). They cited better temporal organization,



more clinically meaningful risk factors, and fewer unsupported leaps, suggesting KG evidence as an effective planning
scaffold for clinician-facing rationales.

Limitations and future work. Our approach depends on the coverage and quality of PrimeKG, so gaps or biases
in the KG can propagate into both supervision and explanations. The ICD to KG mapping and the relevance/path
selection steps rely on GPT-40 and heuristic constraints. While we constrain candidate paths using shortest-path
enumeration and use the LLM only as a selector, the pruned set is not guaranteed to be exhaustive: alternative clinically
valid paths may be removed in favor of a compact scaffold. Methodologically, we also adopt a single-visit formulation
(z¢) for next-visit prediction, which simplifies evaluation but does not fully exploit longitudinal history. Future work
can extend the framework to richer EHR views (notes, medications, labs), incorporate multi-visit context, and integrate
clinician-in-the-loop validation for KG evidence selection and pruning.

Conclusion

In this paper, we introduced a KG-guided chain-of-thought framework that couples biomedical structure from PrimeKG
with LLM-based reasoning over structured EHR data. By using KG paths as scaffolds for CoT generation and label-
consistent filtering, we constructed a compact supervision corpus that enables small open-weight LLMs to achieve
competitive or superior visit-level disease prediction on MIMIC-IIT under strict data constraints, while also producing
explicit, clinically grounded explanations. Zero-shot transfer to the CRADLE cohort suggests that the learned decision
boundaries generalize across cohorts and feature spaces, and blinded clinician review indicates a consistent preference
for KG-guided CoT over untuned LLM explanations. Taken together, these results highlight KG-anchored CoT super-
vision as a promising direction for building clinical decision-support systems in which LLMs not only predict risk but
also articulate transparent, patient-level reasoning aligned with biomedical knowledge and clinician expectations.
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Implementation Details. We fine-tuned LLaMA-3.1-8B-Instruct and Gemma-7B-Instruct on a single NVIDIA H200
(512 GB host memory; Emory HPC); full hyperparameters and training configuration are provided in our GitHub
repository. We selected the checkpoint with the best macro-AUPR.validation. KG-guided CoT traces were generated
with GPT-40; CoT data generation creation cost ~ $100. Prompt templates are provided below.



~—— Prompt for filtering most related node entities EE—

~—— Prompt for pruning most related paths ————
P P 9 P messages = “you are a helpful, pattern-following medical assistant.

messages = “you are a helpful, pattern-following medical assistant. Given a disease to be verified and corresponding ICD features, select Top 8 most

correlated feature that are critically related to the disease.

Given a disease to be verified and corresponding ICD features, select up to 5 most . X o S s -
P s P IF there is not suitable entity in the similar entities, directly return the NONE.

correlated entity from relation path list based on the disease we try to verify.

### Output Format

### Output Format . :
Strictly follow the JSON structure below. Strictly follow the JSON structure below:
'json

json
f{ - "selected_entity i": {{

B g - I "name" "selected _entity_name",
" r?nkmg :"1","path":"sample_path_1","reason":"reason for choosing this "id": an int number, the index of the selected entity in the similar entities list, from
path"}}, OtoN-1
] "reason": "reason for choosing this entity"
2 B

. . . H
Disease to be verified: {disease_name}.
Paths: { Disease to be verified: {disease_name}
ICD features: {
}

AN J }
\ J
/— Prompt for Chain-of-Thoughts Generation with paths \

"o "o

messages = [ {"role": "system", "content": "Given a disease to be verified, a list of diagnostic_features_present measured at the index
visit (time t), a subset of {potentially relevant_exist_features} of confirmed positive features, a list of
{potentially _relevant absent_features} of confirmed negatives, a partial set of preliminary reasoning paths, and a provided judgement
label referring to the NEXT visit (time t+1), your task is to reason step by step as if you are independently determining whether the
disease will be present at the next visit with **Yes** or **No** without prior knowledge of the given answer.

IMPORTANT TEMPORAL SETTING:

- Interpret all provided features as observations at time t (the previous/last visit).

- The target label is the presence/absence of the disease at time t+1 (the next visit).

- Prefer prognostic/persistence evidence (chronicity, structural disease, repeatedly documented diagnoses, objective abnormalities
likely to persist) over transient/acute findings.

- Do NOT assume that a disease present at time t persists to time t+1 unless there is explicit evidence of chronicity, recurrence risk, or
ongoing pathophysiology.

- *Explicitly check whether each key feature or diagnosis at time t is acute/transient or chronic/persistent. Down-weight acute findings
such as AMI, stroke, GI bleed, or sepsis unless explicit recurrence or chronic sequelae are documented.*

- **Medication caveat.** Do **not** infer disease presence from treatment context alone (e.g., vasopressors, inpatient insulin) unless
paired with a simple persistence anchor (e.g., diagnosis code, outpatient regimen, or longitudinal labs).

- **Acute default.** For acute/episodic diseases (AMI, shock, GI bleed, sepsis, stroke), predict **No** for t+1 unless there is explicit
“ongoing/recurrent/unresolved” evidence **(e.g., recent transfusion plus source-localizing/therapeutic endoscopy or angiography)**.
- **Context # diagnosis.** Do not treat comorbidities or typical co-medications as proof of the target disease (e.g., **CHF or nitrates
# CAD**) without direct evidence.

INSTRUCTIONS:

1. Explore the question and first filter out irrelevant partial reasoning paths provided for disease verification, leaving only useful paths
based on your expertise.

2. Incorporate the remaining paths and potentially_relevant features naturally as if you discovered them yourself, then supplement
with your new reasoning path from provided features to form complete reasoning paths based on your expertise. Treat

potentially relevant_present as confirmed present (1) and potentially_relevant absent as confirmed absent (0) at time t.

3. Analyze and evaluate the reasoning paths with explicit attention to TEMPORAL VALIDITY, expanding on the most relevant ones
together with explicit diagnostic evidence to construct a logical, well-supported explanation. Diagnostic evidence at time t only
supports t+1 if it is chronic/persistent. Prefer objective findings (imaging, labs, pathognomonic signs) and recorded diagnoses with
known persistence over context-only signals. Distinguish between **prognostic risk** (may increase chance of disease) and
**confirmed presence** (objective diagnosis or persistent abnormality). Use risk features only as minor contextual modifiers, never as
decisive proof.

4. Base your decision ONLY on confirmed, definitive evidence (1/0). Avoid using assumptions, indirect risk factors, or therapy context
as critical evidence. Do NOT equate risk factor with a confirmed diagnosis.

5. If there are resolution cues (e.g., “unspecified hemorrhage” without source, single-episode events, acute procedures that typically
resolve), down-weight them for predicting t+1. Always check for **resolution indicators** (e.g., ""treated,"" ""status post,""
""resolved,"" ""acute episode"") and treat such findings as low-weight for t+1 prediction.

6. Do not mention the existence of predefined reasoning paths or the provided answer in your response.

7. Do not assume the given answer is correct. Instead, determine the answer solely based on your reasoning.

8. If your final conclusion contradicts the given answer, acknowledge potential discrepancies without mentioning provided answer
(e.g., ""Wait, there might be something wrong"") and refine your response again accordingly.

### Output:

Finding reasoning paths:

(you ""discover"" potential reasoning paths yourself by using the given paths if useful or generating your own if not. It should be
concise as a list of knowledge paths indexed properly.

Reasoning Process:

(Step-by-step reasoning process, do not assume the given answer is correct and do not mention the existence of answer.}

Conclusion:

(The final answer derived from your reasoning, with **Yes** or **No** printed and specified in the end.)

"™ strip()”

"

{“role”: “user”, “content’:

"#### Input:\n"
f"Disease to be verified: {disease}\n\n"
f"diagnostic_features_present: {j(present_features)}\n\n"
f"potentially_relevant_present_features: {j(pot_rel_present)}\n\n"
f"potentially_relevant_absent_features: {j(pot_rel absent)}\n\n"
f'"Reasoning Paths:\n{paths_block }\n\n"
f"Answer: {answer_yes_no}\n"

\ /
Figure 4: Prompt templates used in our KG-guided CoT pipeline: (top-left) disease-relevant node selection, (top-
right) KG path pruning and selection, (bottom) CoT generation conditioned on KG evidence and visit features.




