Dementia-R1: Reinforced Pretraining and Reasoning from Unstructured
Clinical Notes for Real-World Dementia Prognosis

Anonymous ACL submission

Abstract

While Large Language Models (LLMs) have
shown strong performance on clinical text un-
derstanding, they struggle with longitudinal
prediction tasks such as dementia prognosis,
which require reasoning over complex, non-
monotonic symptom trajectories across mul-
tiple visits. Standard supervised training lacks
explicit annotations for symptom evolution,
while direct Reinforcement Learning (RL) is
hindered by sparse binary rewards. To ad-
dress this challenge, we introduce Dementia-
R1, an RL-based framework for longitudinal
dementia prognosis from unstructured clinical
notes. Our approach adopts a Cold-Start RL
strategy that pre-trains the model to predict
verifiable clinical indices extracted from pa-
tient histories, enhancing the capability to rea-
son about disease progression before determin-
ing the final clinical status. Extensive experi-
ments demonstrate that Dementia-R1 achieves
an F1 score of 77.03% on real-world unstruc-
tured clinical datasets. Notably, on the ADNI
benchmark, our 7B model rivals GPT-4o, effec-
tively capturing fluctuating cognitive trajecto-
ries. Code is available at https://anonymous.
4open.science/r/dementiar1-CDB5.

1 Introduction

The digitalization of healthcare and the widespread
adoption of Electronic Health Records (EHRs)
have resulted in massive amounts of longitudinal
patient data that capture individuals’ clinical his-
tories across months or years. However, approx-
imately 80% of EHR data is recorded as unstruc-
tured text, including physician notes and imaging
reports (Kong, 2019; Jensen et al., 2012). These
narratives contain rich descriptions of symptom
evolution and clinical assessments, yet temporal
changes are often documented implicitly rather
than in structured form. Since many clinical out-
comes are defined retrospectively based on how
a patient’s condition evolves over time, effective
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Figure 1: Multi-dimensional Performance Profile.
Dementia-R1 demonstrates a consistent and balanced
performance gain across all dimensions, including inter-
mediate clinical reasoning tasks (e.g., MMSE, CDR-SB,
ADAS-Cog) and the final dementia prognosis (F1-score)

modeling requires longitudinal analysis rather than
reliance on information from a single visit. De-
spite this need, most existing longitudinal disease
modeling frameworks are designed for structured
data representations and therefore struggle to sys-
tematically incorporate unstructured clinical narra-
tives (Waxler et al., 2025; Steinberg et al., 2024;
Shmatko et al., 2025).

Recent advances in Large Language Models
(LLMs) have demonstrated strong capabilities in
understanding unstructured medical text for clinical
decision support (Wachter and Brynjolfsson, 2024;
Silcox et al., 2024). In particular, LLM-based
methods achieve impressive performance on static,
snapshot-style benchmarks such as MedQA (Jin
et al., 2021), where inputs represent isolated clini-
cal scenarios (Singhal et al., 2025). However, such
benchmarks largely ignore longitudinal disease pro-
gression. This limitation is critical for diseases
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characterized by slow and cumulative progression,
such as dementia, where diagnosis requires inte-
grating evidence of cognitive and functional de-
cline across multiple clinical encounters (Grand
et al., 2011; Borson et al., 2013; Knopman and
Petersen, 2014). Crucially, these trajectories are of-
ten non-monotonic; clinical status may fluctuate or
temporarily improve, necessitating a holistic evalu-
ation of the patient’s condition rather than simple
onset detection. In real-world practice, these longi-
tudinal signals are predominantly documented in
unstructured clinical notes rather than standardized
fields, making dementia a particularly challeng-
ing testbed for longitudinal reasoning over clinical
text (Kruse et al., 2025a).

To address this challenge, we introduce
Dementia-R1, a framework designed for longitudi-
nal reasoning using LLMs through Reinforcement
Learning (RL). We focus on dementia prognosis
as a representative task of complex longitudinal
disease progression. Unlike acute diseases, demen-
tia diagnosis requires tracking longitudinal cogni-
tive and functional changes over months or years.
These signals are described in clinical narratives,
yet they are difficult to quantify explicitly (Borson
et al., 2013; Knopman and Petersen, 2014). While
standard Supervised Fine-Tuning (SFT) optimizes
models to directly predict final labels, RL-based
fine-tuning enables the model to learn reasoning
processes before making a prediction (DeepSeek-
Al 2025; Shao et al., 2024), making it a natural
fit for longitudinal clinical inference. However, di-
rectly applying RL to a high-level binary prognosis
task (e.g., Dementia vs. Non-Dementia) is chal-
lenging due to the sparsity of the reward signal and
the implicit nature of the underlying reasoning.

We address this issue through a Cold-Start RL
strategy with verifiable clinical rewards. Prior work
typically relies on SFT to introduce step-wise ratio-
nales explicitly (Chen and et al., 2024; DeepSeek-
Al, 2025). However, in the context of dementia
prognosis, constructing rational trajectories is par-
ticularly challenging. Longitudinal reasoning re-
quires temporally consistent analysis across multi-
ple visits and substantial effort from clinical experts
to validate them (Kruse et al., 2025a). To miti-
gate these challenges, we adopt an RL-based pre-
training stage using clinically established indices as
reward signals rather than explicit reasoning anno-
tations. Specifically, we train the model to predict
scores measured at each visit, such as the Mini-
Mental State Examination (MMSE) (Folstein et al.,

1975), Global Deterioration Scale (GDS) (Reis-
berg et al., 2022), and Clinical Dementia Rating
(CDR) (Morris, 1993). By inferring these indices
from longitudinal unstructured notes, the model au-
tonomously acquires essential reasoning primitives,
which are subsequently refined in a second stage
for the final dementia prediction task.

We validate our approach on both real-world un-
structured clinical notes from the Asan Medical
Center (AMC) real-world cohort and the structured
benchmark (ADNI) (Jack Jr et al., 2008). As illus-
trated in Figure 1, our model demonstrates compre-
hensive multi-dimensional reasoning capabilities
compared to baselines. Our contributions are as
follows:

* We propose Dementia-R1, an RL-based frame-
work that enables explicit temporal reasoning
on unstructured clinical notes to predict de-
mentia prognosis.

* We introduce a Cold-Start RL. method using
verifiable rewards, demonstrating that learn-
ing to estimate intermediate clinical scores is
crucial for an accurate dementia prognosis.

* We validate our approach on both private real-
world unstructured datasets and a public struc-
tured benchmark, demonstrating consistent
improvements over the strong baselines, in-
cluding general-purpose LLMs and medical-
specialized reasoning models.

2 Related Work

Longitudinal Clinical Modeling. Traditional ap-
proaches for longitudinal disease modeling have
primarily focused on structured electronic health
records (EHRs), utilizing Recurrent Neural Net-
works (RNNs) to process temporal sequences
of medical codes (Choi et al., 2016). Recent
Transformer-based models have advanced longi-
tudinal forecasting by leveraging large-scale struc-
tured records for tasks such as time-to-events pre-
diction (Steinberg et al., 2024), disease trajectory
modeling (Shmatko et al., 2025), and medical
events modeling (Waxler et al., 2025). While these
models show effectiveness for structured data, they
fail to capture the nuanced behavioral and symp-
tomatic descriptions found in unstructured clinical
notes, which constitute the majority of EHR data.
Recent works such as NYUTron (Jiang et al., 2023)
and CARE-AD (Li et al., 2025) have demonstrated
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Figure 2: Overview of the Dementia-R1 Framework. The pipeline consists of two phases: Stage 1: Cold-Start
Pre-training, where the base model learns longitudinal reasoning via GRPO on forecasting tasks; and Stage 2:
Task Fine-tuning, where the reasoning-aligned model is adapted for the final dementia prediction task.

the potential of LLLMs for longitudinal prediction
using unstructured clinical text. However, these
approaches primarily optimize for final clinical out-
comes and do not explicitly train models to reason
over intermediate disease trajectories or temporal
progression patterns. As a result, current frame-
works for unstructured clinical text still lack mech-
anisms for explicit longitudinal reasoning (Kruse
et al., 2025b), motivating our approach.

Reasoning Capabilities of Medical LLMs. The
reasoning capabilities of LLMs in the medical do-
main have been largely enhanced through Chain-of-
Thought (CoT) prompting, which encourages mod-
els to generate intermediate rationales (Wei et al.,
2022). HuatuoGPT-01 (Chen and et al., 2024) fur-
ther improves medical reasoning by combining Su-
pervised Fine-Tuning (SFT) on reasoning trajecto-
ries with Reinforcement Learning (RL). In the gen-
eral domain, recent advances have shifted from SFT
to RL with Verifiable Rewards (RLVR), demon-
strating that models can learn reasoning when the
reward is easily verifiable (DeepSeek-Al, 2025).
However, applying this paradigm to clinical tasks
remains challenging due to the sparsity of the re-
ward signal and the implicit nature of the required
reasoning steps. C-Reason (Kim et al., 2025) par-
tially addresses this challenge using Group Relative
Policy Optimization (GRPO) (Shao et al., 2024) for
sepsis management via masked value prediction;
however, it does not address long-term disease pro-
gression. We extend this line of work to longitu-
dinal dementia prediction by training the model
to track disease progression by estimating clinical
scores before determining the final prognosis.

3 Methodology: Dementia-R1

Given a sequence of unstructured clinical notes
H = {z1,z2,...,2}, we formulate the task as
determining the final clinical status y € {0, 1} at

a target anchor T,pchor, conditioned on the pa-
tient’s history Hor = {x;|i < T,z; € H}. This
approach requires distinguishing temporary fluc-
tuations from persistent decline across the trajec-
tory, rather than assuming simple linear progres-
sion. To enable explicit reasoning over disease
progression, we employ a two-stage reinforcement
learning framework utilizing Group Relative Pol-
icy Optimization (GRPO) (Shao et al., 2024) with
verifiable clinical rewards (see Figure 2).

3.1 Constructing Verifiable Pretraining Data

Since raw unstructured text lacks explicit ground
truth for longitudinal reasoning, we construct a
pre-training dataset paired with verifiable clinical
indices. We employ a strong auxiliary LLM as an
extractor £ to parse unstructured notes into struc-
tured clinical scores:

st:S(a:t), st €8 (1)

where S represents the set of target indices:
MMSE (0-30), GDS (1-7), and CDR (0-3). Using
these extracted values as ground truth, we generate
a pre-training dataset Dy, = {(H¢, s¢)} where
the model is trained to forecast the score s; at the
target visit based on the preceding history H ;. To
prevent data leakage, patients reserved for the final
dementia prognosis test set are strictly excluded
from this phase.

3.2 Stage 1: Cold-Start Pre-training

In this stage, we align the model to reason about
clinical trajectories by optimizing it to predict the
extracted scores s; from Dp,... We utilize GRPO,
which eliminates the need for a value function by
estimating the baseline from a group of outputs.

Verifiable Reward Function (R.,;;) To accom-
modate the varying granularity of clinical scales,
we define a tolerance-aware reward function. Let



5¢ be the predicted score from the output o, of the
LLM, s; be the ground truth, and § be the allow-
able error margin. Considering the range of the
MMSE score (0-30), we set a tolerance of § = 2,
treating predictions within this range as correct.
For coarser scales like GDS and CDR, we enforce
exact matching by setting 6 = 0. The reward is
defined as:

Rcold:]l(‘§t_st’ S‘S)v (2)

where [(-) is the indicator function that returns 1 if
the score is met and 0 otherwise.

Optimization Objective For each input query ¢;
with clinical history H ;, we sample a group of G
outputs {of, 07, ..., 0} from the old policy 7y,,,-
The policy is optimized to maximize the following:
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Here, D, controls the KL-regularization term,
e is the clipping hyperparameter and A; is the ad-
vantage computed by group-based normalization:

4= Reoa(0}) — mean({Rcold(Og)}]G:l)‘ @)
Std({Rcold(Ot) G )

This stabilizes training and encourages the model
to generate reasoning paths that outperform the
average of its own samples.

3.3 Stage 2: Task Fine-tuning

After Cold-Start pre-training (Stage 1), we then
fine-tune the model on the downstream prognostic
classification task (Dementia vs. Non-Dementia)
using the same GRPO framework in Eq. (3).

Sparse Reward Function (R;,s;) Unlike the
granular scores in Stage 1, the final diagnosis is
binary. Therefore, the reward is defined as:

1, if prediction is correct
Rygsr, = ’ . C e &)
0, if prediction is incorrect

Although this reward signal is sparse, the reasoning
capabilities acquired in Stage 1 allow the model to
enhance the capability to reason about longitudi-
nal disease progression. In this training stage, the
model is optimized for the final prognostic accu-
racy by generating reasoning traces.

4 Experimental Setup
4.1 Datasets

We validate the efficacy of Dementia-R1 on two
distinct cohorts: the real-world unstructured clin-
ical notes from Asan Medical Center (AMC) and
the structured Alzheimer’s Disease Neuroimaging
Initiative (ADNI) benchmark.

4.1.1 Data Sources and Processing

Real-World Unstructured Cohort (AMC). We
constructed a large-scale longitudinal dataset us-
ing raw clinical notes from Asan Medical Cen-
ter (AMC). Clinical data were retrospectively col-
lected from approximately 3,000 patients diag-
nosed with neurocognitive disorders between Jan-
uvary 1, 2021, and September 30, 2023. Inclu-
sion criteria were based on ICD-10 codes covering
Alzheimer’s disease, vascular dementia, and mild
cognitive impairment. Electronic Medical Records
(EMRs) covering initial and follow-up visits were
reviewed to extract SOAP-formatted notes. To en-
sure privacy, all personally identifiable information
was anonymized. Since the target clinical indices
(MMSE, CDR, GDS) are predominantly embedded
within the free-text “Objective” section, we utilized
the LLM-based extraction pipeline (described in
Sec 3.1) to isolate these values as verifiable re-
wards.

Structured Benchmark Cohort (ADNI). To
demonstrate generalizability, we employed the
ADNI dataset (Jack Jr et al., 2008), a widely recog-
nized benchmark for Alzheimer’s research. Unlike
AMC, ADNI consists of structured tabular records.
To adapt this for our LLM-based framework, we ap-
plied linearization, transforming tabular rows into
chronological textual logs. For verifiable rewards,
we selected seven clinically significant indices (e.g.,
MMSE, CDR-SB) via neurological consultation
and feature analysis (Gelir et al., 2025), applying
standardized proportional tolerance thresholds (de-
tails in Appendix A.3.2).

4.1.2 Longitudinal Sample Construction

To handle the fluctuating nature of cognitive de-
cline across both modalities, we applied a unified
construction protocol defined by three key compo-
nents (illustrated in Figure 3):

» Target Anchor: The patient’s last clinical
visit with a confirmed assessment. The model
utilizes the full aggregated history prior to
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this anchor to distinguish between persistent
deterioration and temporary fluctuations.

* Prediction Target: The ground-truth out-
come varies by training stage:

— Stage 1 (Pre-training): Verifiable clini-
cal indices (extracted scores for AMC;
standardized metrics for ADNI).

— Stage 2 (Fine-tuning): The final bi-
nary diagnosis, defined as neurologist-
adjudicated labels for AMC and stan-
dardized DX outcomes (Dementia vs.
Non-Dementia) for ADNIL.

* Gap Bucket: To model temporal sensitivity,
we discretized the interval between the last
input note and the target anchor:

— Stage 1: Fine-grained 1-month incre-
ments (e.g., 0-1m, ..., 23-24m).

— Stage 2: Coarser intervals (e.g., 6—12m)
to ensure clinical utility, excluding short-
term gaps (<6m).

— ADNI Adaptation: Adopting AMC’s
strategy, intervals beyond 24 months
were consolidated into a single bucket
(>24m) to accommodate longer observa-
tion periods.

4.1.3 Data Splitting and Leakage Prevention
To prevent data leakage, we implemented a strict

Patient-Level splitting protocol governed by three
principles:

1. Patient-Level Isolation: Data is split by Pa-
tient ID to strictly prevent overlap between
training and test sets.

2. Holistic Test Set Exclusion: Patients re-
served for the Stage 2 test set are excluded

Asan Medical Center ADNI
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Figure 4: Dataset Overview. Visualization of sample
and patient counts. Training sets are balanced to prevent
bias, while test sets retain natural patient prevalence.

from Stage 1 pre-training to ensure full blind-
ness.

3. Future Information Exclusion: We aggre-
gate all notes recorded prior to the target an-
chor, ensuring predictions rely solely on his-
torical symptom trajectories.

Under this protocol, we use a balanced training set
(1:1) while retaining natural prevalence in the test
set (see Figure 4).

4.2 Baselines

We evaluate six configurations based on Qwen2.5-
7B-Instruct (Team, 2024) to validate the efficacy of
our pure RL pipeline:

* Zero-shot CoT: Base model prompted with
Chain-of-Thought to elicit reasoning without
training.

* SFT on single stage: Standard Supervised
fine-tuning directly at each stage. Training
utilizes Chain-of-Thought rationales distilled
from a teacher model.

* GRPO on single stage: GRPO applied di-
rectly to the prediction task at each stage.

* SFT — SFT: A multi-stage SFT pipeline con-
sisting of pre-training on clinical indices fol-
lowed by fine-tuning on diagnosis, serving as
a supervised counterpart to our method.

* SFT — GRPO: The conventional RLHF
pipeline consisting of SFT warm-up on clini-
cal indices followed by GRPO fine-tuning.



Table 1: Experimental Results on Asan Medical Center Dataset. We compare Dementia-R1 against general-
purpose LLMs and medical-specific models. Bold and underline indicate the best and second-best performance. All
results represent mean =+ standard deviation across five random seeds.

Method Size Accuracy (1) Precision (1) Recall (1) F1 score (1)
External LLMs

HuatuoGPT-ol 8B 67.19 + 1.3 7155+ 15 5899 +16 64.67+1.5
Qwen2.5-7B-Inst 7B 7194 +£0.8 7282 +0.7 71.60 £ 1.1 7220 4+ 0.8
Qwen2.5-32B-Inst  32B 61.99 + 0.7 57.65 +04 9546 0.7 71.89 +0.4
Specialized Models

SFT w/o Stage 1 7B 74.01 £ 1.0 7221 1.0 7958 £ 1.0 7572 4+0.9
GRPO w/o Stage 1 7B 74.10 £ 0.9 7096 09 83.15+ 1.0 76.57 +0.8
SFT w/o Stage 2 7B 65.60 + 0.8 6155 +06 8643+ 1.1 7190+ 0.6
GRPO w/o Stage 2 7B 7247 £ 0.9 7028 +0.8 7958 +09 74.64 +0.8
SFT — SFT 7B 75.14 £ 0.6 7343 £ 0.6 8021 0.6 76.67 +0.6
SFT — GRPO 7B 73.26 + 0.6 7039 +0.6 8224 +0.8 75.85+0.6
Dementia-R1 7B 7493 + 0.7 7219 0.6 8256+ 1.1 77.03+0.7

Table 2: Generalization Results on ADNI Benchmark. Comparison extended to include strong ML baselines
(Random Forest) and state-of-the-art proprietary models (GPT-40). Notation and experimental settings follow
Table 1 (highlighting performance within the LLM category).

Model Method Size Accuracy (1) Precision (1) Recall (1) F1 score (1)
ML Baseline

Random Forest — 83.46 + 0.6 83.57+0.7 77.13+ 1.1 8022 +0.7
External LLMs

GPT-40 — 81.39 + 0.7 8694 + 18 67.64+18 76.05+ 1.1
GPT-40-mini — 75.76 + 0.8 73.04 13 70,64 0.0 71.82+0.0
HuatuoGPT-ol 8B 63.11 1.3 5615+ 13 7159+ 12 6293+ 1.0
Qwen?2.5-7B-Inst 7B 61.54 +0.8 5453 +07 7236+ 1.6 62.19+0.9
Qwen2.5-32B-Inst  32B 76.47 + 0.6 71.82 + 1.1 76.05 1.1 73.86 + 0.6
Specialized Models

SFT w/o Stage 1 7B 75.65 + 1.5 7090 £ 1.8  75.19+23 7297+ 16
GRPO w/o Stage 1 7B 76.32 + 0.5 7408 £1.0 7056+ 1.1 7226405
SFT w/o Stage 2 7B 69.68 + 2.2 6249 20  76.65+27 6885+ 22
GRPO w/o Stage2 7B 67.39 + 1.1 60.19 1.0 7502+ 1.3 66.79 + 1.1
SFT — SFT 7B 76.32 + 0.9 74.64 1.3 6944 +09 7195+ 1.1
SFT — GRPO 7B 76.25 + 0.9 7110 £ 1.4 77.00 +0.6 7392+ 0.8
Dementia-R1 7B 76.77 + 1.4 7099 +1.7 7931+ 1.8 7491+ 1.5

* ML-based Baseline: Random Forest, se-
lected as the top-performing traditional al-
gorithm on ADNI. Unlike LLMs, it is re-
stricted to the most recent visit due to its in-
ability to handle variable-length longitudinal
sequences.

Our proposed method, Dementia-R1 (GRPO —
GRPO), represents a pure reinforcement learning
approach and is compared against these baselines.

4.3 Implementation Details

SFT. We conducted Supervised Fine-Tuning
(SFT) via knowledge distillation using Qwen?2.5-
32B-Instruct-AWQ. To construct the training
dataset, we prompted the teacher model to gener-
ate Chain-of-Thought (CoT) rationales by reverse-
engineering the ground-truth labels from the clini-
cal notes. The student model was then fine-tuned
on these concatenated (Question, Patient Note,

CoT, and Answer) sequences for three epochs with
a per-device batch size of 2.

Dementia-R1. We train Dementia-R1 using
Group Relative Policy Optimization (GRPO) with
a group size of G = 8 and an effective batch size
of 8. Detailed training configurations and hardware
specifications are provided in Appendix A.8.

Evaluation protocol. To ensure statistical reli-
ability, we conducted all experiments across five
distinct random seeds. Consequently, all reported
results represent the mean performance =+ standard
deviation.

5 Results

5.1 Real-World Unstructured Data Results

Dementia prognosis. Table 1 presents the com-
parative performance on the Asan Medical Cen-



Table 3: Performance on Clinical Index Prediction
for the AMC cohort. We evaluate the accuracy of
predicting MMSE, GDS, and CDR scores.

Model Method MMSE GDS CDR Average
Qwen2.5-32B-Inst  57.9 03 46.1 £03 69.8+03 57.9+0.1
Qwen2.5-7B-Inst ~ 56.1 0.7 451+0.1 62.8+07 547+03
SFT — SFT 522+02 389+05 641+16 517405
SFT — GRPO 543+05 435+06 69.7+08 558+05
Dementia-R1 573+03 477+04 739+ 1.1 59.6+05

ter (AMC) dataset, which consists of real-world,
unstructured clinical narratives. Dementia-R1
achieves the highest F1 score of 77.03%, highlight-
ing the effectiveness of our framework. Specifi-
cally, Dementia-R1 outperforms the GRPO base-
line (GRPO w/o Stage 1: 76.57%), indicating that
avoiding the sparse reward problem with verifiable
clinical indices effectively contributes to perfor-
mance improvement. Furthermore, our pipeline ex-
ceeds the standard hybrid approach (SFT — GRPO,
75.85%), indicating that active exploration in RL-
based pre-training (Stage 1) facilitates more effec-
tive modeling of symptom trajectories than super-
vised fine-tuning.

Clinical index prediction. Beyond categorical
dementia classification, we further evaluate the
model’s reasoning capability through quantitative
clinical index prediction on the AMC cohort. As
shown in Table 3, Dementia-R1 achieves the high-
est average accuracy (59.61%), surpassing the 7B
baselines. Notably, it outperforms the 32B model
on GDS and CDR-rigorous metrics used by neurol-
ogists for precise disease staging—while maintain-
ing competitive performance on the simpler MMSE
screening tool. This capability to infer fine-grained
severity demonstrates the model’s alignment with
expert clinical judgment.

5.2 Generalization to Structured Benchmarks

To demonstrate the generalizability of our frame-
work across different data modalities, we applied
the Dementia-R1 methodology to the structured
ADNI benchmark. By training on linearized tab-
ular records as described in Sec 4.1.1, we verify
whether our reinforcement learning approach re-
mains effective on structured data. Table 2 summa-
rizes the performance. Dementia-R1 achieves an F1
score of 74.91%, demonstrating that our framework
successfully adapts to structured clinical logs. This
performance is comparable to substantially larger
models such as GPT-40 (76.05%) and Qwen2.5-
32B (73.86%).

To further probe fine-grained reasoning be-

yond dementia-level classification, we visualize
the multi-dimensional performance in Figure 1.
Despite having only 7B parameters, Dementia-R1
matches or closely approaches the best-performing
models on CDRSB and ADAS scores (see Ap-
pendix Table 11). This confirms that our methodol-
ogy — reinforcement learning with verifiable clini-
cal rewards — is not limited to unstructured text but
generalizes effectively to structured data represen-
tations.

5.3 Neurologist Evaluation

To validate the clinical utility and reasoning quality
of Dementia-R1, we conducted a blinded human
evaluation involving two board-certified neurolo-
gists. We adopted a pairwise comparison protocol
on a subset of test cases to analyze the alignment of
the models’ internal logic with clinical standards.
The experts assessed responses across six dimen-
sions: (1) Temporal Reasoning Accuracy, (2) Evi-
dence Grounding, (3) Clinically Relevant Evidence
Selection, (4) Medical Soundness, (5) Complete-
ness of Key Findings, and (6) Overall Clinical Util-
ity. For each comparison, evaluators selected the
superior response (Win) or marked them as equal
(Tie), restricted to cases where both models pro-
vided the correct final prognosis. To assess the
reliability of the human evaluation, we measured
inter-rater agreement, resulting in a Cohen’s Kappa
score of 0.56, indicating moderate agreement.

For this comparative assessment, we selected
Qwen2.5-32B-Instruct as the baseline. Although
significantly larger than our 7B backbone, this
model demonstrated the second-best performance
in the quantitative clinical index prediction task
(Section 5.1), surpassing other 7B baselines. This
selection enables a rigorous investigation into
whether our reasoning-aligned framework gener-
ates more clinically valid trajectories than simply
scaling model parameters.

As shown in Figure 5, Dementia-R1 recorded a
55% win rate in Overall Clinical Utility. Regard-
ing evidence usage, the model obtained 60% win
rates in both Evidence Grounding and Clinically
Relevant Evidence Selection. These results sug-
gest that the proposed two-stage RL framework,
which incorporates Cold-Start pre-training on clini-
cal indices, enables more clinically grounded lon-
gitudinal reasoning compared to parameter scaling
alone. In terms of Temporal Reasoning Accuracy,
the model achieved a combined Win/Tie rate of
95% (40% Win, 55% Tie) against the 32B base-
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Figure 5: Neurologist Blind Pairwise Evaluation.
Comparison between Dementia-R1 and the baseline
model across six clinical dimensions.
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Figure 6: Training Dynamics. F1 score trajectories on
(a) AMC cohort and (b) ADNI cohort. The inclusion
of Stage 1 leads to significantly faster convergence and
higher stability across both unstructured and structured
domains.

line. These findings suggest that the Cold-Start
pre-training can yield clinical reasoning capabili-
ties comparable to those of larger models.

5.4 Ablation Study

We investigate the impact of Stage 1 pre-training on
learning dynamics. Figure 6 displays the F1 score
trajectories evaluated on the test set for Dementia-
R1 and a baseline model trained without Stage 1.
As observed, the model utilizing Stage 1 shows
earlier convergence and higher final F1 scores com-
pared to the baseline across both datasets. These
results suggest that alignment with verifiable clin-
ical rewards aids in stabilizing the reinforcement
learning process in sparse-reward environments.

5.5 Temporal Robustness Analysis

We evaluate the model’s robustness across varying
temporal intervals between the last clinical note
and diagnosis, as visualized in Figure 7. Detailed
numerical results are provided in Tables 12 and 13.
In the AMC cohort, Dementia-R1 shows consistent
performance, peaking at the 12—18 month interval
with an F1 score of 79.28%, exceeding the hybrid
baseline (SFT — GRPO: 78.00%) and the 32B
model (74.38%). A similar trend is observed on
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Figure 7: Performance across time gaps. Dementia-
R1 demonstrates consistent stability, especially in long-
term predictions, compared to baselines.

the ADNI cohort. Specifically, based on F1 scores,
Dementia-R1 outperforms GPT-4o0 in the 18-24
month interval (80.30% vs. 78.78%) and main-
tains higher performance in the >24 month horizon
(73.11% vs. 71.18%). These findings suggest that
aligning with longitudinal trajectories through ver-
ifiable rewards contributes to sustained reasoning
capabilities in long-term forecasting scenarios.

6 Conclusion

In this work, we presented Dementia-R1, a Rein-
forcement Learning framework designed to infer
longitudinal disease progression from unstructured
clinical narratives. Addressing the limitations of
sparse rewards in prognostic tasks, we introduced
a Cold-Start RL strategy that aligns the model with
verifiable clinical indices before fine-tuning for the
final diagnosis. Empirical results on both the real-
world AMC cohort and the structured ADNI bench-
mark demonstrate that our approach enables a 7B
parameter model to achieve performance compa-
rable to, or exceeding, that of significantly larger
baselines. Furthermore, qualitative evaluations by
neurologists indicate that explicit training on in-
termediate clinical scores fosters more grounded
and transparent reasoning trajectories. We hope
this work inspires further research into reinforce-
ment learning with verifiable rewards for complex,
long-horizon clinical decision-making.



Limitations

We acknowledge several limitations in our study.

* First, regarding data generalization, our un-
structured dataset comes from a single institu-
tion (Asan Medical Center). This may limit
the model’s ability to generalize to other de-
mographics or documentation styles. Future
validation on diverse, multi-center datasets is
necessary.

Second, linguistic limitations may arise from
the translation process. Converting Korean
notes into English might result in the loss of
subtle nuances, such as syntax errors, which
are important for assessing cognitive decline.
Future work should apply our method directly
to native-language texts.

* Third, our framework relies on the perfor-
mance of the auxiliary Large Language Mod-
els (LLMs). We utilized the Qwen2.5 series
for data preprocessing, including the transla-
tion of clinical notes and the extraction of clin-
ical scores. Consequently, our reward mecha-
nism depends on the accuracy of these models;
since we use the extracted clinical scores as re-
wards, any extraction errors or hallucinations
could introduce noise into the reinforcement
learning process.

Finally, our approach relies on quantifiable
clinical indices (e.g., MMSE) for rewards.
This limits immediate application to diseases
that lack standardized numerical records. Ex-
tending this framework to conditions with sub-
jective or qualitative markers remains a chal-
lenge for future work.

Ethics Statement

This retrospective study was approved by the In-
stitutional Review Board (IRB No. 2023-1628),
which waived the requirement for informed con-
sent due to the use of de-identified medical records.
All methods were performed in accordance with
the relevant guidelines and regulations of the Asan
Medical Center Ethics Committee and the Declara-
tion of Helsinki.
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Table 4: Table Al: Stage 1 (Pretraining) dataset
statistics (AMC). Fine-tuning test patients are fully
excluded to prevent leakage. A patient-level split is
applied for Stage 1.

Table 6: Table A3: Stage 1 (Pretraining) dataset
statistics (ADNI). Fine-tuning test participants are fully
excluded to prevent leakage.

Item #Patients #Samples

Original cohort (raw) 11,163

Excluded: FT test patients 577

Pretraining (after exclusion, before split) - 46,746

Train split (patient-level) 3,568 37,112

Test split (patient-level) 892 9,634

After token filter (< 8,000 tokens) - -
Train kept / removed - 32,681/4,431
Test kept / removed 722178

Table 5: Table A2: Task distribution for Stage 1 pre-
training (AMC).

Task Train Test
MMSE 17,131 4,593
GDS 15,787 3,972
CDR 4,194 1,069
Total 37,112 9,634

A Appendix

A.1 Data Preprocessing Details
A.2 Pretraining Data Statistics (AMC)

To prevent patient-level leakage, we exclude all
patients reserved for downstream fine-tuning from
the Stage 1 pretraining corpus. After removing 577
fine-tuning test patients from the original cohort
of 11,163 patients, we obtain 46,746 longitudinal
samples for intermediate clinical score forecasting
(MMSE/GDS/CDR). We perform a patient-level
split with a test ratio of 0.20, resulting in 3,568
training patients (37,112 samples) and 892 test pa-
tients (9,634 samples). For evaluation efficiency,
the test split is task-stratified and reduced to 800
samples (401 patients). Finally, samples exceed-
ing 8,000 tokens under the Qwen2.5-7B-Instruct
tokenizer are removed, yielding 32,681 training
samples and 722 test samples. Table 4 summarizes
the overall dataset composition, and Table 5 reports
the task-wise distribution.

A.3 Pretraining Data Statistics (ADNI)

For Stage 1 pretraining on the ADNI benchmark,
we construct longitudinal next-visit prediction sam-
ples across six cognitive targets (MMSE, CDRSB,
ADAS11, ADAS13, ADASQ4, and RAVLT_learning)
from linearized structured records (Sec. A.3.2).
To prevent leakage, we exclude all participants
reserved for the downstream fine-tuning test set.
After removing DX targets (not used in our pretrain-
ing), we obtain 11,319 candidate samples before
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Item Value
Candidate samples (before filtering; 6 tasks) 11,319
Kept samples (< 8,000 tokens & excl. FT-test) 9,953
Excluded: fine-tuning test participants 1,366
Excluded: token length / parsing / ID issues 0/0/0

Stage 1 split (samples) train 7,958; test 1,995

Table 7: Table A4: Task-wise distribution for Stage 1
pretraining (ADNI). “Input” counts are computed
before excluding fine-tuning test participants; “Kept”
counts are used for Stage 1 training/evaluation.

Task Input Kept Train Test
MMSE 1,899 1,671 1,331 340
CDRSB 1,882 1,656 1,322 334
ADASI11 1,891 1,663 1,311 352
ADAS13 1,865 1,637 1,307 330
ADASQ4 1,897 1,669 1,340 329
RAVLT _learning 1,885 1,657 1,347 310
Total 11,319 9,953 7,958 1,995

filtering and keep 9,953 samples after excluding
fine-tuning test participants. No samples are re-
moved by the token-length constraint (< 8,000 to-
kens) or parsing/ID issues in our pipeline. We
bucket the time gap to the prediction target into
1-month bins up to 6 months and an additional >6m
bin (see Sec. A.4 for the bucket definition). Finally,
we perform a patient-level split to create Stage 1
train/test sets, resulting in 7,958 training samples
and 1,995 test samples. Table 6 summarizes the
overall dataset composition, and Table 7 reports
task-wise statistics.

To adapt distinct data modalities for our unified
reasoning framework, we developed specialized
preprocessing pipelines for both unstructured clin-
ical notes (Asan) and structured tabular records
(ADNI). We applied a consistent protocol consist-
ing of Data Transformation followed by Dataset
Construction.

A.3.1 Asan Medical Center (Unstructured
Clinical Notes)

Data Transformation (Translation & Extrac-
tion). We transformed raw Korean clinical notes
into English reasoning contexts using a secure
pipeline. We utilized Qwen2.5-14B-Instruct as an
auxiliary LLM to translate notes and extract clin-
ical indices (MMSE, GDS, and CDR) to serve as
verifiable ground truth targets. Crucially, all infer-
ence processes were conducted in a strictly isolated
on-premise environment to prevent any external



data transmission.

Stage 1 Construction Pipeline. We constructed
the pre-training dataset with the following criteria:

1. Tolerance-Aware Labeling: We defined the
prediction targets as extracted clinical indices.
Recognizing extraction variability, we applied
a tolerance of +2 for MMSE, treating predic-
tions within this range as correct. Exact match-
ing was enforced for coarser scales (GDS,
CDR).

Token Filtering: Using the Qwen2.5 tok-
enizer, we filtered out samples exceeding
8,000 tokens to fit context constraints.

Evaluation Set: The dataset was split into
training and test sets at a patient level (80:20)
to evaluate Stage 1 performance.

A.3.2 ADNI Benchmark (Structured Tabular
Data)

Data Transformation (Linearization). We
transformed structured tabular records into
longitudinal textual logs suitable for LLM input.
For each visit, we aggregated key biomark-
ers—including cognitive scores (MMSE, CDR-SB,
ADAS-Cog), CSF biomarkers (AS, Tau), and
MRI measures—into a structured text block
(e.g., “2011-05-12: «<VISIT 1»> CDRSB: 0.5,
MMSE: 28...”). These blocks were concatenated
chronologically to form the patient history.

Stage 1 Construction Pipeline. We applied a
construction protocol parallel to the Asan dataset
but adapted for the continuous nature of ADNI
biomarkers:

1. Target Indices: We selected seven key indi-
cators: MMSE, CDR-SB, ADAS-Cog (11, 13,
Q4), RAVLT (Learning), and LDELTOTAL.

Proportional Tolerance-Aware Labeling:
Unlike categorical labels, these indices vary
widely in range. To standardize difficulty, we
defined a relative tolerance ratio p =~ 6.7%
(derived from the standard allowance of 42
points on the 30-point MMSE scale). For each
index, the allowable error margin § was calcu-
lated as [Range x p]. The specific thresholds
are detailed in Table 8.

3. Token Filtering: Samples exceeding 8,000
tokens were filtered out using the tokenizer
constraints.
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4. Evaluation Set: Consistent with the Asan
protocol, we applied a stratified patient-level
split (80:20). Due to the high computational
cost of longitudinal reasoning, the final evalu-
ation was conducted on a stratified 50% sub-
sample of the test set.

Table 8: Tolerance Thresholds for ADNI Indices. Er-
ror margins (9) were scaled proportionally to the range
of each metric.

Clinical Index Range Tolerance ()
MMSE 0-30 +2
CDRSB 0-18 +1.0
ADAS-Cog 11 0-70 +5
ADAS-Cog 13 0-85 +6
ADAS-Cog Q4 0-10 +1
RAVLT (Learning) -20-20 +3
LDELTOTAL 0-25 +2

A.4 Detailed Temporal Distributions

To validate the model’s capability in long-term pre-
diction, we analyze the time intervals between the
input data and the prediction target. Figure 8 de-
tails the distribution of these time gaps for the test
sets. Notably, the ADNI cohort (right) presents a
significantly more challenging scenario, with ap-
proximately half (~50%) of the samples having a
gap exceeding 24 months, including a long tail ex-
tending beyond 36 months. This contrasts sharply
with the Asan cohort, which is predominantly con-
centrated in the short-term range (6—12 months).
This diversity ensures that our evaluation covers
both immediate screening and long-term prognos-
tic scenarios.

Time Gap Distribution by Cohort (Test Sets)
Asan Medical Center

NI
(Neurocognitive Cohort) (MCI to Dementia)

496 130
(53.0%) (24.4%)

6-12m 12-18m 8-24m -12m  12-18m  18-24n m - 30-36m
Time Gap (Last Note to Diagnosis) Time Gap (Last Note to Diagnosis)

Figure 8: Time Gap Distribution by Cohort (Test
Sets). The histograms show the interval between the
last available clinical note and the diagnosis date. The
Asan cohort is concentrated in shorter intervals (6—18m),
reflecting relatively dense clinical follow-up prior to
diagnosis. In contrast, the ADNI cohort displays a sub-
stantially wider temporal range, extending beyond 36
months, which reflects the longitudinal nature of MCI
progression monitoring.



A.5 Stage 1: Performance of Intermediate
Clinical Indices

We analyze the model’s capability to predict inter-
mediate clinical indices. On the structured ADNI
benchmark (Tables 10, 11), Dementia-R1 demon-
strates superior performance in long-term forecast-
ing (>18 months), particularly on the critical CDR-
SB metric. Similarly, on the unstructured Asan co-
hort (Tables 9), the model consistently outperforms
baselines in short-to-mid term intervals, achieving
notable gains in GDS and CDR prediction.

A.6 Stage 2: Performance of Final Binary
Prognosis

Building on the clinical indicators established in
Stage 1, Stage 2 assesses the model’s ultimate ca-
pacity to determine the final binary prognosis. As
summarized in Table 12, Dementia-R1 achieves
the highest overall F1-score on the Asan dataset,
demonstrating notable consistency across the term
intervals. Notably, it maintains competitive perfor-
mance in both short-term (6—12m) and long-term
(18-24m) intervals, proving its stability across dif-
ferent forecasting ranges. Similarly, the results on
the ADNI benchmark (Table 13) further highlight
the model’s enhanced robustness in long-term fore-
casting (> 18 months). In these extended horizons,
Dementia-R1 not only surpasses proprietary fron-
tier models such as GPT-40 but also outperforms
larger specialized baselines, effectively validating
confirming its effectiveness in modeling longitudi-
nal disease trajectories.

A.7 Qualitative Analysis: Comparative

Reasoning

To demonstrate the impact of our proposed method
on reasoning quality, we compare the outputs of
Dementia-R1 against the Qwen2.5-32B model us-
ing a representative longitudinal case from the
AMC cohort. Figure 9 illustrates the input clin-
ical note, which follows a semi-structured SOAP
format. In this record, critical signals such as cogni-
tive scores (MMSE, GDS) and medication changes
are embedded within the free-text Objective and
Plan sections across multiple visits spanning from
2020 to 2023. This presents a complex reasoning
challenge, requiring the model to aggregate scat-
tered clinical indicators and correctly reconstruct
the patient’s disease trajectory from the unstruc-
tured narrative.

While both models correctly predict the final

13

diagnosis, their reasoning processes diverge signif-
icantly. Figure 10 presents the reasoning outputs
generated by both models. Dementia-R1 effec-
tively structures the longitudinal information by
organizing the output into distinct sections for cog-
nitive assessment history, diagnosis, and current
status. This structural clarity allows clinicians to
rapidly verify the evidence. Notably, the model
accurately reconstructs the temporal trajectory of
cognitive decline and correctly identifies the drop
in MMSE scores from 23 down to 17 alongside the
plateau in the most recent visits. Furthermore, it
correctly identifies the medication switch involving
the discontinuation of Bearcept and the addition
of Ebixa, demonstrating precise grounding in the
clinical text.

In contrast, despite arriving at the correct label,
Qwen2.5-32B produces a dense, unstructured block
of text that is difficult to audit for clinical decision-
making. More critically, it exhibits significant fail-
ures in medical soundness and domain knowledge.
First, the baseline hallucinates a pharmacologi-
cal equivalence by describing "Ebixa (donepezil)"
even though Ebixa is memantine, an NMDA re-
ceptor antagonist distinct from the cholinesterase
inhibitor donepezil. Such hallucinations pose po-
tential safety risks in clinical settings. Second,
the baseline misinterprets the Global Deterioration
Scale (GDS) scores of 3-4 as indicators of "mild de-
pression" and confuses the dementia staging scale
with a depression inventory. These findings un-
derscore that general-purpose reasoning capabili-
ties, even in larger models, do not automatically
translate to clinical accuracy. Our results demon-
strate that the domain-specific alignment integrated
into Dementia-R1 is essential for correcting such
misconceptions and ensuring the high reliability
required for longitudinal dementia prognosis.

A.8 Training Implementation Details

We implemented our framework using PyTorch.
All experiments were conducted on four NVIDIA
H100 (80GB) GPUs.

Reinforcement Learning (Dementia-R1) For
the RL stage, we utilized the Open-R1 frame-
work. We employed DeepSpeed ZeRO-3 and
VLLM (colocate mode) to optimize memory usage
for processing long clinical narratives. We set the
per-device batch size to 1 with a gradient accumula-
tion of 2 and a group size of G = 8 (effective batch
size of 8). The model was trained for 5,000 steps in



Table 9: Stage 1 Performance by Time Gap (Asan). Dementia-R1 achieves superior accuracy in short-to-mid
term intervals (0—18 months), validating the effectiveness of the Cold-Start strategy.

Overall Accuracy by Time Gap to Prediction Target
Method Ace (1) 0—6m 6-12m 12-18m 18-24m
External LLMs
Qwen2.5-32B-Inst  57.90 + 0.05  60.66 + 0.43 5491 +0.53 55.15+1.21 50.43 + 5.08
Qwen2.5-7B-Inst 54.68 +0.32 5756 £0.69 51.19 -+ 1.16 5276 +0.99 46.32 +2.28
Specialized Models
SFT — SFT 51.73 £ 0.53  55.07 £0.87 4837 +£0.75 4695+0.59 46.90 + 5.02
SFT — GRPO 55.81 046  59.60 + 0.69 51.21 £ 1.15 52.64 +0.41 49.62 + 543
Dementia-R1 59.61 + 046 63.38 + 045 5525-+0.69 5641+ 0.58 49.49 +2.84

Table 10: Stage 1 Performance by Time Gap (ADNI). Dementia-R1 demonstrates superior long-term reasoning
capability (>18 months) compared to larger baselines (GPT-40, 32B), validating the efficacy of the proposed RL
framework.

Overall Accuracy by Time Gap to Prediction Target
Method Ace (1) 0—6m 6-12m 12-18m 18-24m >24m
External LLMs
GPT-40 77.04 +£0.19 79.52 +0.67 77.06+031 76224049 7933+099 77.55+0.59

Qwen2.5-32B-Inst  77.91 £ 0.18 81.26 =027 77.38 +0.25 76.77 £0.52 80.87 £0.62 79.72 £ 0.72
Qwen2.5-7B-Inst 75.67 £ 031 7787 £046 75.09 £043 7546058 7889091 7748 +1.17

Specialized Models

SFT — SFT 6442 + 023  66.60 +0.28 63.58 +0.69 63.26+0.68 67.65+ 140 68.55+2.02
SFT — GRPO 67.61 033 7126+ 1.16 6747 +0.62 6505+051 69.16+ 1.07 71.50 + 1.56
Dementia-R1 77.04 + 028 7944 +092 7630+0.51 7623+052 8097+ 1.09 80.27 + 0.89

Table 11: Stage 1 Accuracy by Clinical Index (ADNI). Dementia-R1 outperforms larger 32B models on CDR-SB
while maintaining competitive performance against GPT-40 on other key metrics (e.g., ADAS-Cog, RAVLT).

Overall CDRSB ADAS11 ADAS13 RAVLT MMSE ADASQ4 LDEL
Method Acc (1) Acc (1) Acc (1) Acc (1) Acc (1) Acc (1) Acc (1) Acc (1)
External LLMs
GPT-40 77.04 +0.19 84.85+ 051 8523 +0.32 84.04+024 81.83+0.39 77.01+047 6556+ 029 60.76 + 0.95

Qwen2.5-32B-Inst ~ 77.91 £ 0.18  87.52 +0.51 86.74 047 84.09 + 0.54 8252 +030 77.86+-0.24 6543 +0.61 61.21+0.06]
Qwen2.5-7B-Inst 75.67 =031 87.554+ 047 84.06 026 8232-+0065 79484090 7565+ 126 60.65+1.49 60.00 =+ 0.75

Specialized Models

SFT — SFT 64.42 +£0.23 7566 +0.88 71.17 +£0.84 68.18 -0.99 7435+097 6435+ 1.81 4292+ 186 5434+ 172
SFT — GRPO 67.61 £0.33 7791 £0.85 79.65+1.16 73.76+1.42 7950+ 1.08 61.36+1.03 455840098 5548 + 1.21
Dementia-R1 77.04 + 028 87.89 + 042 86.02+ 0.54 83.58+094 8228+ 1.13 76.00+ 093 63.17+ 133 6035+ 1.06

Table 12: Stage 2 Fine-tuning Performance by Time Gap (Asan). Dementia-R1 achieves the highest overall F1
score, demonstrating its robust reasoning capabilities across the entire temporal intervals.

Overall F1 score by Time Gap to Prediction Target
Method F1(1) 6-12m 12-18m 18-24m

External LLMs
Qwen2.5-32B-Inst ~ 71.89 + 0.80  69.29 + 0.70  74.38 +0.70  77.12 + 1.60
Qwen2.5-7B-Inst 7220 £ 0.80 71.80 £0.60 74.00 £ 1.60 64.94 + 3.20

Specialized Models

SFT — SFT 76.67 + 0.60  76.27 + 090 77.55+ 1.00 74.82 + 3.50
SFT — GRPO 75.85 +0.60 74.66 +0.90 78.00-+ 1.10 7221 +0.90
Dementia-R1 77.03 +0.72 7543 +0.69 79.28 +0.80 76.02+2.73

Bfloatl6 precision with a 2,000-token completion ~ A.9 Human evaluation protocol

limit.
To assess the clinical quality of reasoning, we
conducted a blinded human evaluation with med-
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Table 13: Stage 2 Fine-tuning Performance by Time Gap (ADNI). While large-scale general models (e.g.,
GPT-40) excel in short-term forecasting, Dementia-R1 demonstrates superior robustness in long-term reasoning

(> 18 months).

Overall F1 score by Time Gap to Prediction Target
Method F1(1) 6-12m 12-18m 18-24m >24m
External LLMs
GPT-40 76.05 + 1.05 79.66 251 79.26 +0.78 78.78 + 1.68 71.18 + 6.98
Qwen2.5-32B-Inst  73.86 +0.57 7421 +2.15 7476+ 200 74.04+1.63 7210+ 4.64
Qwen2.5-7B-Inst 62.19 + 094 6837 +476 6539+299 6276 +227 58.18+ 595
Specialized Models
SFT — SFT 7195+ 1.07 7058 +4.87 7421 +278 7391+ 196 68.65+ 6.43
SFT — GRPO 73.92 +0.76 7846 +4.64 7035+ 147 7621 +3.01 73.15+ 548
Dementia-R1 7491+ 149 7454 +443 7495+ 173 8030+ 381 73.11+3.03

ical experts using a pairwise comparison proto-
col. For each case, experts were presented with
two anonymized model responses (Model A and
Model B) generated for the same patient record
and prediction task. For each evaluation criterion,
experts were asked to select one of three options:
Model A, Model B, or Tie.

Each model pair was evaluated using 10
question-answer cases per comparison, and judg-
ments were collected independently for the follow-
ing six clinically motivated dimensions:

1. Temporal Reasoning Accuracy: Which re-
sponse appropriately interprets changes in
symptoms and the rate of progression by com-
paring earlier records with the most recent

records?

Evidence Grounding: Which response cites
evidence that is explicitly present in the orig-
inal clinical notes and does not introduce in-
formation that is absent from the records?

Clinically Relevant Evidence Selection:
Which response avoids being influenced by
clinically irrelevant details or overlooking key
evidence, and instead bases its reasoning on
diagnostically important evidence from the
clinical notes?

Medical Soundness: Which response is more
medically sound with respect to dementia di-
agnostic criteria and clinical judgment, in
terms of both the reasoning process and the
final conclusion?

Completeness of Key Findings: Which re-
sponse reflects all important symptoms docu-
mented in the clinical notes without omitting
key findings?
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6. Overall Clinical Utility: When used as ref-
erence material in real-world clinical prac-
tice, which response is more reliable and more
helpful for reducing clinical decision-making
time?

A.10 Prompt Templates

Stage 1 (Cold-Start Pre-training). Figures 11
and 12 present the prompt templates for the Asan
Medical Center and ADNI pre-training tasks, re-
spectively. In this stage, the model is trained to
predict verifiable intermediate clinical indices (e.g.,
MMSE/GDS/CDR) extracted from unstructured
notes or structured records. All templates enforce
a unified <think> / <answer> format, enabling re-
liable parsing of the predicted value for training.

Stage 2 (Task Fine-tuning). Figures 13 and 14
present the prompt templates for the cohort-specific
downstream tasks of dementia detection on Asan
and MCI-to-dementia conversion prediction on
ADNI. These templates retain the same constrained
output format as Stage 1 and guide the model to
base its prediction on longitudinal evidence across
the provided history.

Other prompts and reuse across settings. Fig-
ure 15 shows a separate prompt used to generate
teacher rationales for constructing CoT-supervised
data for SFT baselines. We reuse the same task
prompts across all experimental pipelines, includ-
ing SFT—SFT, SFT—GRPO, GRPO—GRPO, and
single-stage baselines. The pipelines differ only in
the optimization procedure and in whether teacher-
generated rationales are included.



Longitudinal Clinical Note Input

2023-08-30:

Subjective

Follow-up with Professor **, Constipation, pletaal dosage reduced Sometimes forgetful, but there are times when it’s okay Caregiver observes that there is
a slight decline Handles all household chores personally Forgets what they went for when crossing the room

Objective

F/79y; Date of Birth (anonymized): *### /%% /%%

2020/08/27 MMSE 23 GDS 4

2022/02/03 MMSE 21 GDS 3

2022/09/01 MMSE 17 GDS 4

2023-08-30 MMSE; 17 (recall 2) GDS; 4

Right-handed

Highest Education Level; Illiterate

Assessment

# major neurocognitive disorder * VaD * MTA2/3 D3P3 (2022/09)

Plan

Add ebixa and discontinue bearcept LICA

Pletaal tab [SOmg] 1 TAB DP 1 time 35 days PO

Lexapro tab [10mg] 1 TAB N 1 time 35 days PO

Ebixa tab [10mg] 0.5 TAB BNP 2 times 35 days PO

2023-10-04:

Subjective

Follow-up patient of Professor

Scheduled for LICA after dementia team consultation on 2023/08/30

Discontinued bearcept and added ebixa

Bowel movements improved after changing the medication

Objective

F/79y; Date of Birth (anonymized): **#/*#/#%

2020/08/27 MMSE 23 GDS 4

2022/02/03 MMSE 21 GDS 3

2022/09/01 MMSE 17 GDS 4

2023/08/30 MMSE 17 (recall 2) GDS 4 (illiterate)

2022-08-21 eGFR(CKD-EPI) (Qn), Blood 69 ml/min/1.73

Assessment

major neurocognitive disorder

* VaD

* MTA2/3 D3P3 (2022/08)

Plan

* Reduced pletaal due to incontinence (outpatient of Professor **)

LICA on 07/07

Increase ebixa dosage, reduce back to half tablet if side effects occur

Pletaal tab [SOmg] 1 TAB DP 1 time 56 days PO

Lexapro tab [10mg] 1 TAB N 1 time 56 days PO

Ebixa tab [10mg] 1 TAB BNP 2 times 56 days PO

2023-12-02:

Subjective

Post LICA visit

No gastrointestinal side effects with current medication

mood: so so

Objective

F/79y; Date of Birth (anonymized): *###/%# [

Unlearned

2020/08/27 MMSE 23 GDS 4

2022/02/03 MMSE 21 GDS 3

2022/09/01 MMSE 17 GDS 4

2023/08/30 MMSE 17 GDS 4 (recall 2)

2023/11/24 GDS 3 CDR 0.5 SB 1.0 BI 20 SIADL 5 NP1 2

Note> Z score -1.5 or lower in some cognitive domains. The test results suggest a retrieval deficit in verbal memory and a deficit in visual memory.
Other functions such as frontal/executive functions, attention, language and related functions, and visuoconstruction ability are all within normal levels.
Therefore, bilateral frontal lobe dysfunction is suggested. The patient does not report any decline in ADL and is currently in an amnestic mild cognitive
impairment state. The patient has shown cognitive decline since around ’18, which has gradually worsened, and with multiple vascular risk factors and
test results indicating a retrieval deficit, subcortical vascular cognitive impairment needs to be considered first. Given the patient’s advanced age and the
more pronounced memory impairment compared to other cognitive domains, Alzheimer’s disease underlying pathology or a combined condition should
also be considered, and the influence of hypothyroidism cannot be completely ruled out. A correlation with neuroimaging studies is recommended for an
accurate diagnosis, and follow-up is recommended if cognitive function decline worsens. Treatment for depression is also recommended.

2022-08-21 eGFR(CKD-EPI) (Qn), Blood 69 ml/min/1.73

Assessment

impending dementia

* VaD * MTA2/3 D3P3 (2022/08) Plan

* Reduce pletaal due to fecal incontinence (outpatient visit with Professor **)

ditto

Continued lexapro after consultation

Consultation to change medication if fecal incontinence persists

Pletaal tab [SOmg] 1 TAB DP 1 time 91 days PO

Lexapro tab [10mg] 1 TAB N 1 time 91 days PO

Ebixa tab [10mg] 1 TAB BNP 2 times 91 days PO

Figure 9: Example of longitudinal clinical notes. To protect patient privacy, all personal identifiers (e.g., names)
were removed, and dates were randomly shifted.
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Qualitative Comparison of Longitudinal Reasoning for 6-12 Month Dementia Prognosis

[Dementia-R1 output]
The patient’s clinical notes and cognitive assessments provide a clear picture of their cognitive decline over time. Here’s
the step-by-step reasoning:

1. **Cognitive Assessments Over Time:**

-2020/08/27: MMSE 23, GDS 4 (Severe cognitive decline)
-2022/02/03: MMSE 21, GDS 3 (Moderate cognitive decline)
-2022/09/01: MMSE 17, GDS 4 (Severe cognitive decline)
-2023/08/30: MMSE 17 (recall 2), GDS 4 (Severe cognitive decline)

2. **Clinical Dementia Rating (CDR):**
- The CDR scores are consistently 0.5 or 1, indicating very mild to mild dementia.

3. **Symptoms and Functional Decline:**

- The patient reports forgetfulness, sometimes forgetting what they went for when crossing the room.
- Caregiver observes a slight decline.

- The patient handles all household chores personally but shows signs of memory impairment.

4. **Diagnosis and Plan:**

- The patient is diagnosed with VaD (Vascular Dementia) and MTA2/3 D3P3.

- The patient is currently in an amnestic mild cognitive impairment state, with a retrieval deficit in verbal and visual
memory.

- The patient has shown cognitive decline since around 2019, which has gradually worsened.

5. **Current Status:**

- The most recent MMSE score (17) and GDS score (4) indicate severe cognitive decline.

- The patient’s CDR score is 0.5 or 1, indicating very mild to mild dementia.

- The patient’s condition has not improved over the past year, and the decline is consistent with a diagnosis of dementia.

Given the consistent cognitive decline, severe MMSE and GDS scores, and the diagnosis of VaD, it is clear
that the patient is likely to have dementia.

[QWEN 2.5 32B output]

1. The patient’s MMSE scores have been declining over time: 23 in 2020, 21 in 2022, and 17 in 2022 and 2023. A score
of 17 is indicative of mild to moderate cognitive impairment.

2. The patient has been diagnosed with major neurocognitive disorder, specifically vascular dementia (VaD), and is
classified as MTA2/3 D3P3.

3. The caregiver observes a slight decline in the patient’s cognitive function, and the patient sometimes forgets what
they went for when crossing the room, which is a sign of cognitive impairment.

4. The patient’s GDS score has been consistently around 3-4, indicating mild depression, which can be associated with
cognitive decline.

5. The patient’s cognitive test results suggest a retrieval deficit in verbal memory and a deficit in visual memory, with
other cognitive functions within normal levels.

6. The patient is in an amnestic mild cognitive impairment state, with cognitive decline since around 2019, which has
gradually worsened.

7. The patient has multiple vascular risk factors, and the test results indicate a retrieval deficit, suggesting subcortical
vascular cognitive impairment.

8. The patient’s advanced age and more pronounced memory impairment compared to other cognitive domains suggest
Alzheimer’s disease underlying pathology or a combined condition.

9. The patient is being treated with Ebixa (donepezil), which is commonly used in the treatment of Alzheimer’s disease
and other forms of dementia

Figure 10: A comparison of the reasoning processes generated by Dementia-R1 and the Qwen2.5-32B for the
clinical case shown in Figure 9. While Dementia-R1 produces a structured and grounded rationale, the baseline
generates a dense narrative containing medical hallucinations.
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Pre-training Task: Asan Medical Center (Future Score Prediction)

[System Prompt]

A conversation between a User and an Assistant. The User provides clinical notes and metadata describing a patient’s
condition before a cognitive or functional assessment. Each input explicitly specifies the target scale (GDS, MMSE, or
CDR), the time interval, and the required output format. The Assistant must carefully read the provided instructions,
understand which scale is being predicted, and output the correct numerical value according to the described scoring
rule.

[Input Data]

Instruction: You are given longitudinal clinical notes recorded BEFORE a cutoff relative to a cognitive assessment.
The most recent included note lies <TIME_INTERVAL> prior to the anchor assessment date.

Task: Predict the target score (Example: MMSE) for the anchor assessment.

Format: Output step-by-step reasoning in <think> tags and the final value in \boxed{} within <answer> tags.

Scoring Indicators Glossary:

- MMSE: Integer score ranging from 0 to 30 (Higher = better global cognition).

- GDS: Global Deterioration Scale from 1 to 7 (Higher = more severe impairment).
- CDR: Clinical Dementia Rating global score chosen from {0, 0.5, 1, 2, 3}.

=== Clinical note ===
<CLINICAL_NOTE>

Figure 11: Pre-training prompt template for the Asan Medical Center dataset. While MMSE is shown as an example,
the model is pre-trained to predict various global cognitive scores, including GDS and CDR, based on unstructured
clinical notes.

Pre-training Task: ADNI (Future Score Prediction)

[System Prompt]

A conversation between a User and an Assistant. The User provides longitudinal structured ADNI clinical, cognitive,
imaging, and biomarker data across multiple visits. The Assistant must predict the future score or diagnosis at the NEXT
visit within a specified time window. Target tasks include MMSE, CDRSB, ADAS11, ADAS13, ADASQ4, RAVLT _learning,
and LDELTOTAL. Respond only in the specified <think> and <answer> format.

[Input Data]

Instruction: You are given longitudinal records for a single participant. All visits occur before the target visit.

Task: Predict the target score (Example: MMSE) at the NEXT visit.

Constraint: Time gap bucket = 2-3 months.

Format: Output step-by-step reasoning in <think> tags and the final predicted value in \boxed{} within <answer>
tags.

Variable Glossary:

- PTEDUCAT/APOE4: Education years / Number of APOE €4 alleles.

- CDRSB/ADAS13/MMSE/MOCA: Clinical severity and cognitive scores (Higher CDRSB/ADAS = worse; Higher
MMSE/MOCA = better).

- RAVLT/LDELTOTAL: Memory scores (Lower = poorer memory).

- FAQ: Functional Activities Questionnaire (Higher = worse daily function).

- ABETA/TAU/PTAU: CSF biomarkers for amyloid and tau pathology.

- Ventricles/Hippocampus/WholeBrain: MRI volumetric measures (Structural atrophy).

=== Clinical Assessment Data ===

2006-12-11: «<VISIT 1/2»>

ABETA: 446.8, ADAS13: 25.0, MMSE: 27, CDRSB: ©.5, LDELTOTAL: 12,
—(Longitudinal history continues)——

(Prediction target: MMSE score at the next visit)

Figure 12: Pre-training prompt template for the ADNI dataset. The model predicts future indicators (e.g., MMSE,
CDRSB) by analyzing longitudinal structured assessment data. The input includes a variable glossary to assist in
interpreting clinical indicators.
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Fine-tuning Task: Asan Medical Center (Dementia Detection)

[System Prompt]

A conversation between a User and an Assistant. The User provides longitudinal clinical notes and metadata describing
a patient’s condition. The Assistant must determine whether the patient is likely to be diagnosed with dementia. Output
0 if the patient is unlikely to have dementia, and 1 if the patient is likely to have dementia. Respond only in the specified
<think> and <answer> format.

[Input Data]

Instruction: You are given longitudinal clinical notes collected BEFORE a cutoff relative to a dementia diagnosis date.
The interval to the diagnosis date is: <TIME_INTERVAL> (e.g., 12—18m).

Task: Predict whether the patient is likely to have dementia (0: unlikely, 1: likely).

Format: Output step-by-step reasoning in <think> tags and the final answer in \boxed{@ or 1} within <answer>
tags.

Scoring Indicators Glossary:

- CDR (Global Score): 0 (No dementia), 0.5 (Very mild), 1 (Mild), 2 (Moderate), 3 (Severe). Higher = worse.
-MMSE (Total Score): Integer from O to 30. Higher = better cognitive function; Lower = more impairment.

- GDS (Global Deterioration Scale): 1 (No decline) to 7 (Very severe cognitive decline). Higher = worse.

=== Clinical note ===
<CLINICAL_NOTE>

Figure 13: Fine-tuning prompt template for the Asan Medical Center dataset. The task requires detecting dementia
presence based on unstructured clinical notes and integrated scoring indicators.

Fine-tuning Task: ADNI Cohort (MCI Conversion Prediction)

[System Prompt]

A conversation between a User and an Assistant. The User provides longitudinal clinical assessment data and metadata
describing a patient’s cognitive and functional trajectory. The Assistant must determine whether the patient has
progressed from a baseline status of Mild Cognitive Impairment (MCI) to dementia by the time of the final diagnosis.
Output 0 if the final diagnosis is non-dementia (MCI or CN), and 1 if the patient has converted to dementia. Use trends
across longitudinal data (cognition, function, severity scores) for reasoning. Respond only in the specified <think> and
<answer> format.

[Input Data]

Instruction: You are given longitudinal clinical assessment data for a patient with baseline MCI. Records are collected
before a cutoff set prior to the patient’s last diagnostic assessment. The interval between the last diagnosis and the most
recent visit is: <TIME_INTERVAL> (e.g., 6—12m).

Task: Predict whether the patient has progressed to dementia (0: non-dementia, 1: converted).

Format: Output step-by-step reasoning in <think> tags and the final answer in \boxed{@ or 1} within <answer>
tags.

Variable Glossary:

- PTEDUCAT/APOE4: Education years / Number of APOE €4 alleles.

- CDRSB/ADAS13/MMSE/MOCA: Clinical severity and cognitive scores (Higher CDRSB/ADAS = worse; Higher
MMSE/MOCA = better).

- RAVLT/LDELTOTAL: Memory scores (Lower = poorer memory).

- FAQ: Functional Activities Questionnaire (Higher = worse daily function).

- ABETA/TAU/PTAU: CSF biomarkers for amyloid and tau pathology.

- Ventricles/Hippocampus/WholeBrain: MRI volumetric measures (Structural atrophy).

=== Clinical Assessment Data ===

2011-11-28: «<VISIT 1/7»>

CDRSB: @.5, ADAS13: 14.0, MMSE: 28, FAQ: 0, Hippocampus: 6521,
—(Longitudinal history continues)—

Figure 14: Fine-tuning prompt template for the ADNI dataset. The model predicts MCI-to-dementia conversion
using longitudinal trends of clinical scores and biomarkers.
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Diagnostic Rationale Generation

[System Prompt]
You are an Al assistant that generates step-by-step reasoning paths.

[User Prompt]

Problem: {problem}

Answer: {answer}

Task: Generate a clear step-by-step reasoning path that explains how to solve the problem and arrive at the answer.

Reasoning:

Figure 15: Prompt template for generating diagnostic rationales for Supervised Fine-Tuning.
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