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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 address
this challenge, we introduce Dementia-R1, an
RL-based framework for longitudinal demen-
tia 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 patient histories,
enhancing the capability to reason about dis-
ease progression before determining the final
clinical status. Extensive experiments show
that Dementia-R1 achieves the best overall per-
formance on a real-world unstructured cohort,
reaching an AUROC of 84.02% and outper-
forming models up to 10× larger. The frame-
work also generalizes to Parkinson’s disease
dementia prediction in an independent hospital
cohort, achieving an AUROC of 78.37%. On
the ADNI benchmark, our 7B model attains
the highest AUROC among all LLM baselines
at 83.17%, demonstrating strong longitudinal
reasoning over fluctuating cognitive trajecto-
ries. Code is available at https://github.
com/hangeol/dementiar1.

1 Introduction

The digitalization of healthcare and the widespread
adoption of Electronic Health Records (EHRs)
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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, AU-
ROC, AUPRC).

have resulted in massive amounts of longitudi-
nal patient data that capture individuals’ clinical
histories across months or years. However, ap-
proximately 80% of EHR data remains unstruc-
tured (Kong, 2019; Jensen et al., 2012), and tempo-
ral changes are documented implicitly rather than
in structured form. Most existing longitudinal mod-
eling frameworks target structured representations
and thus struggle to incorporate unstructured clini-
cal narratives (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 clini-
cal decision support (Wachter and Brynjolfsson,
2024; Silcox et al., 2024). Yet current bench-
marks such as MedQA (Jin et al., 2021) evaluate
only static, snapshot-style scenarios (Singhal et al.,
2025), largely ignoring longitudinal progression.
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This is critical for dementia, where diagnosis re-
quires integrating cognitive and functional decline
across multiple encounters (Grand et al., 2011; Bor-
son et al., 2013; Knopman and Petersen, 2014)
along often non-monotonic trajectories. These lon-
gitudinal signals are predominantly documented in
unstructured notes, making dementia a particularly
challenging testbed (Kruse et al., 2025).

To address this challenge, we introduce
Dementia-R1, a framework designed for longitudi-
nal reasoning using LLMs through Reinforcement
Learning (RL). Dementia prognosis is a represen-
tative task for complex disease progression: it re-
quires tracking cognitive and functional changes
over months or years from narratives that are hard
to quantify (Borson et al., 2013; Knopman and
Petersen, 2014). While standard fine-tuning opti-
mizes directly for final labels, RL enables models
to learn the underlying reasoning processes before
prediction (DeepSeek-AI, 2025; Shao et al., 2024),
making it a natural fit for longitudinal clinical in-
ference. However, directly applying RL to a high-
level binary prognosis task is challenging due to
sparse rewards and implicit reasoning.

We address this issue through a Cold-Start RL
strategy with verifiable clinical rewards. RLVR
has so far targeted snapshot tasks such as math-
ematics and code, where the answer is verifiable
at prediction time. Longitudinal prognosis differs:
its only label is sparse and delayed. We therefore
supervise the intermediate trajectory with clinical
indices measured at each visit, such as the Mini-
Mental State Examination (MMSE) (Folstein et al.,
1975), Global Deterioration Scale (GDS) (Reis-
berg et al., 1982), and Clinical Dementia Rating
(CDR) (Morris, 1993). These indices are denser
than the final outcome and already recorded in the
notes.

The standard SFT-based cold start instead needs
distilled or expert-written rationales (Chen et al.,
2025a; DeepSeek-AI, 2025). Such rationales are
costly for dementia, since they require temporally
consistent analysis across visits and expert vali-
dation (Kruse et al., 2025). Replacing SFT with
RL on verifiable indices removes that requirement.
The model acquires reasoning primitives on its own,
and a second stage refines them for the final predic-
tion.

Using clinical indices as the Stage 1 target also
lets the framework compare which clinical assess-
ments are most predictive of long-term outcomes.
MMSE-family signals contribute most on AMC

and HPH, while CDR-SB dominates on ADNI
(Sec. 4.8). Outcome-only RL cannot provide this,
since it never scores intermediate measurements.

We validate our approach on real-world unstruc-
tured clinical notes from the Asan Medical Center
(AMC) cohort, an independent cross-disease cohort
from Haeundae Paik Hospital (HPH) for Parkin-
son’s disease dementia (PDD) prediction, and the
structured ADNI benchmark (Jack Jr et al., 2008)
(Figure 1). 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 that
replaces rationale-based SFT with RL on clin-
ical indices already present in the record, and
show that estimating these indices is crucial
for accurate prognosis.

• We show that this design also measures
biomarker informativeness, identifying which
clinical assessments carry the most prognostic
signal in each cohort.

• We validate our approach on three cohorts
(two hospital systems and a public bench-
mark) and demonstrate cross-disease gener-
alization to PDD, consistently outperforming
general and medical-specialized LLMs.

2 Related Work

Longitudinal Clinical Modeling. Traditional
longitudinal modeling has focused on structured
electronic health records (EHRs) using RNNs
(Choi et al., 2016) and Transformer-based models
for tasks like time-to-event prediction (Steinberg
et al., 2024), disease trajectory modeling (Shmatko
et al., 2025), and medical event forecasting (Waxler
et al., 2025). However, these models often overlook
the rich behavioral and symptomatic descriptions in
unstructured clinical notes. While NYUTron (Jiang
et al., 2023) and CARE-AD (Li et al., 2025) have
shown the potential of LLMs for unstructured clini-
cal text, they primarily optimize for final outcomes
rather than intermediate disease trajectories or tem-
poral patterns. Consequently, current frameworks
still lack mechanisms for explicit longitudinal rea-
soning (Kruse et al., 2025), which motivates our
approach.
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Figure 2: Overview of the Dementia-R1 Framework. Stage 1 pre-trains longitudinal reasoning via GRPO on
clinical index forecasting; Stage 2 fine-tunes for the final dementia prognosis.

Reasoning Capabilities of Medical LLMs.
Medical LLM reasoning has been enhanced
through Chain-of-Thought prompting (Wei
et al., 2022) and RL-based approaches such as
HuatuoGPT-o1 (Chen et al., 2025a). Recent work
has shifted toward RL with Verifiable Rewards
(RLVR) (DeepSeek-AI, 2025), yet applying
this to clinical tasks remains challenging due to
sparse rewards. C-Reason (Kim et al., 2025) uses
GRPO (Shao et al., 2024) for sepsis management
via masked value prediction, but does not address
long-term disease progression. We extend this
line of work to longitudinal dementia prediction
by training the model to estimate clinical indices
before determining the final prognosis.

Verifiable Rewards and Staged RL. Two lines
of work inform our design. The first concerns
what is supervised: process-based feedback re-
wards intermediate steps rather than only the fi-
nal answer (Uesato et al., 2022; Lightman et al.,
2024), later formalized as RL with Verifiable Re-
wards (Lambert et al., 2025) and scaled to gen-
eral reasoning (DeepSeek-AI, 2025) and clini-
cal tasks (Pan et al., 2025). The second con-
cerns how training is staged: multi-stage RL
pipelines (DeepSeek-AI, 2025; Wen et al., 2025)
usually begin from an SFT cold start on distilled
rationales (Wei et al., 2025; Chen et al., 2025b),
sometimes as a curriculum over difficulty (Pang
et al., 2025), since SFT memorizes while RL gener-
alizes (Chu et al., 2025). Both assume a verifiable
signal at prediction time. Longitudinal prognosis
has none, which motivates our intermediate clinical
indices.

3 Methodology: Dementia-R1

Input: from clinical notes to a longitudinal
query. Each visit xi is a free-text note written
by the attending clinician. AMC notes follow

the SOAP convention, where the Objective field
records measurements taken at that visit and the
Assessment field records the clinician’s impression.
HPH notes use structured S/O/A/P fields with sep-
arate index, imaging, and gait records. Clinical
indices appear only at visits where the correspond-
ing test was performed, so the longitudinal signal
is irregular and largely narrative. Appendix Fig-
ures 16 and 18 show full anonymized examples.

We order a patient’s notes chronologically as
H = {x1, . . . , xt}. Given a target anchor Tanchor,
all preceding notes H<T = {xi | i < T} are
concatenated into one document, which together
with the prediction horizon forms the model query
q (Appendix A.20).

Task. We formulate the task as determining the
final clinical status y ∈ {0, 1} at Tanchor, con-
ditioned on H<T . Because trajectories are non-
monotonic, this requires distinguishing temporary
fluctuations from persistent decline. We employ
a two-stage RL framework using Group Relative
Policy Optimization (GRPO) (Shao et al., 2024)
with verifiable clinical rewards (Figure 2).

3.1 Constructing Verifiable Pretraining Data

Raw notes lack ground truth for longitudinal rea-
soning, so we build a pre-training dataset by ex-
tracting verifiable clinical indices via an auxiliary
LLM E : st = E(xt), st ∈ S, where S cov-
ers MMSE (0–30), GDS (1–7), and CDR (0–3).
A human expert audit over 600 notes confirmed
98.17% slot-level accuracy (Appendix A.15), and
the downstream prognosis is robust to far higher
extraction noise (Appendix A.16). The resulting
dataset Dpre = {(H<t, st)} trains the model to
forecast st from preceding history. Stage 2 test
patients are strictly excluded to prevent leakage.
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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 clinical indices st from Dpre using
GRPO, which estimates the baseline from a group
of outputs without a separate value function.

Verifiable Reward Function (Rcold) To accom-
modate the varying granularity of clinical scales,
we define a tolerance-aware reward function. For
a predicted index ŝt, ground truth st, and error
margin δ, we set δ = 2 for MMSE (0–30). This
matches the reliable change index of at least 2
points for MMSE (Stein et al., 2012; Hensel et al.,
2007). For coarser scales (GDS, CDR), we enforce
exact matching (δ = 0). The reward is:

Rcold = I (|ŝt − st| ≤ δ) , (1)

where I(·) is the indicator function that returns 1 if
the tolerance condition is met and 0 otherwise.

Optimization Objective For each input query qt
with clinical history H<t, we sample a group of G
outputs {o1t , o2t , . . . , oGt } from the old policy πθold .
The policy is optimized to maximize the following:

L(θ) = Eqt,{oit}

[
1

G

G∑

i=1

min

(
πθ(o

i
t|qt)

πθold(o
i
t|qt)

Ai,

clip

(
πθ(o

i
t|qt)

πθold(o
i
t|qt)

, 1− ϵ, 1 + ϵ

)
Ai

)
− βDKL

]
.

(2)
Here, βDKL is the KL-regularization term, ϵ is
the clipping range, and Ai is the group-normalized
advantage:

Ai =
Rcold(o

i
t)− mean({Rcold(o

j
t )}Gj=1)

std({Rcold(o
j
t )}Gj=1)

. (3)

This encourages the model to generate reasoning
paths that outperform its own group average.

3.3 Stage 2: Task Fine-tuning
After Cold-Start pre-training (Stage 1), we fine-
tune the model on the binary prognostic task (De-
mentia vs. Non-Dementia) using the same GRPO
framework in Eq. (2).

Sparse Reward Function (Rtask) Unlike the
granular indices in Stage 1, the final diagnosis is
binary:

Rtask =

{
1, if prediction is correct
0, if prediction is incorrect

(4)

Although this reward is sparse, the reasoning prim-
itives acquired in Stage 1 enable effective longitu-
dinal reasoning for the final prognosis.

4 Experimental Setup

4.1 Datasets

We validate Dementia-R1 on three cohorts: unstruc-
tured clinical notes from AMC, the HPH cohort
for cross-disease generalization, and the structured
ADNI benchmark. The original clinical notes were
written in Korean and translated into English us-
ing an on-premise auxiliary LLM (Qwen2.5-14B-
Instruct); see Appendix A.3 for details. We discuss
the implications of this translation step in the Limi-
tations section.

4.1.1 Data Sources and Processing

Unstructured Cohort (AMC). De-identified
SOAP-formatted clinical notes from ∼3,000 neu-
rocognitive disorder patients at AMC (2021–2023).
Clinical indices (MMSE, CDR, GDS) were ex-
tracted via the LLM-based pipeline (Sec 3.1) as
verifiable rewards (details in Appendix A.3.1). La-
bel. A patient is labeled as dementia when the
Global Deterioration Scale (GDS) reaches ≥ 4,
which indicates cognitive decline severe enough to
impair function. Dementia specialists assign GDS
staging during routine care, integrating caregiver
interview, functional history, MMSE, neuropsycho-
logical testing where available, and other clinical
information.

Cross-Disease Cohort (HPH). Longitudinal
EMRs of Parkinson’s disease patients (ICD-10:
G20, 2010–2024) from HPH, including multi-
modal data (brain MRI, PET, gait analysis, MMSE,
clinical notes). Patients were categorized into PD
with and without dementia for cross-disease gen-
eralization to PDD. Label. A patient is labeled as
PDD only when three criteria hold: (i) cognitive
decline with impairment of activities of daily liv-
ing that meets PDD criteria, (ii) an ICD-10 F02.3
assignment, and (iii) a cognitive-enhancer prescrip-
tion.

Structured Benchmark Cohort (ADNI). The
ADNI dataset (Jack Jr et al., 2008) serves as a struc-
tured benchmark (Appendix A.2). Tabular records
were linearized into chronological textual logs,
with seven indices (Gelir et al., 2025) (e.g., MMSE,
CDR-SB) as verifiable rewards (Appendix A.4.2).
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(a) Longitudinal Sample Construction. Patient history is ret-
rospectively sliced around a Target Anchor, following a unified
protocol for both unstructured (AMC, HPH) and structured
(ADNI) datasets.

(b) Dataset Overview. Visualization of sample and patient
counts. Training sets are balanced to prevent bias, while test
sets retain natural patient prevalence.

Figure 3: Experimental setup: sample construction and cohort composition.

4.1.2 Longitudinal Sample Construction
We applied a unified protocol across both modali-
ties (Figure 3a): a Target Anchor at the patient’s
last confirmed assessment with all prior history
as input, a Prediction Target (clinical indices for
Stage 1; binary diagnosis for Stage 2), and a Gap
Bucket discretizing the prediction horizon into
temporal bins (1-month for Stage 1; 6-month for
Stage 2, excluding <6m; >18m consolidated for
ADNI). All splits are patient-level to prevent leak-
age: Stage 2 test patients are excluded from Stage 1,
and only notes before the anchor are used. Train-
ing sets are balanced (1:1); test sets retain natural
prevalence (Figure 3b).

4.2 Baselines

We compare Qwen2.5-7B-Instruct (Qwen Team,
2024) under six training configurations (Zero-
shot CoT; single-stage SFT/GRPO; two-stage
SFT → SFT and SFT → GRPO; Ran-
dom Forest on ADNI), as well as exter-
nal LLMs: medical-specialized (HuatuoGPT-o1,
MedGemma) and general-purpose at larger scales
(Qwen2.5-32B/72B, Llama-3.3-70B). Our method
is Dementia-R1 (GRPO → GRPO). Proprietary
API models were excluded due to IRB restrictions
on external data transmission.

4.3 Implementation Details

SFT. SFT baselines use knowledge distillation
from Qwen2.5-32B-Instruct-AWQ, which gener-
ates CoT rationales from ground-truth labels. The
student is fine-tuned on concatenated (Question,
Note, CoT, Answer) sequences for three epochs.

Dementia-R1. We train with GRPO (G=8, ef-
fective batch size 8). Full training details are in
Appendix A.17.

Evaluation protocol. All results are mean ±
std over five seeds. We report AUROC and
AUPRC derived from token-level logits (Schick
and Schütze, 2021; Kadavath et al., 2022; Zhao
et al., 2021) alongside Accuracy and F1. Signifi-
cance is tested via DeLong’s (DeLong et al., 1988),
McNemar’s (McNemar, 1947), and bootstrap per-
mutation (B=10,000).

4.4 Real-World Unstructured Data Results

Dementia prognosis. On the AMC cohort (Ta-
ble 1), Dementia-R1 achieves the best overall per-
formance, reaching 84.02% AUROC and 77.31%
F1. It outperforms every specialized 7B baseline,
including direct GRPO without Stage 1 and the
hybrid SFT→GRPO pipeline, with a significant
AUROC gain in each case (p < 0.01). It also sur-
passes general-purpose LLMs up to 10× larger,
significantly on every metric for models up to 70B
(p < 0.01). Against Qwen2.5-72B-Instruct, the
gains in Accuracy, Precision, Recall, and AUPRC
are significant (p < 0.01), while the F1 (77.31 vs.
77.30) and AUROC (84.02 vs. 83.41) differences
are within noise. Stage 1 clinical-index pretrain-
ing therefore provides a substantial advantage on
real-world unstructured notes.

Cross-disease generalization (PDD prediction).
On the HPH cohort for Parkinson’s disease demen-
tia (PDD) prediction (Table 2), Dementia-R1 again
achieves the best AUROC (78.37%) and AUPRC
(51.03%). It outperforms Qwen2.5-72B-Instruct
(72.37% AUROC, p < 0.01) and the strongest 7B
baseline, SFT→GRPO (74.75% AUROC). Against
SFT→GRPO only the AUPRC gain is significant
(+11.78, p < 0.01), so the advantage here lies
mainly in ranking the positive class under low
prevalence. The framework thus transfers beyond
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Table 1: Results on AMC. Bold/underline = best/second-best. Mean ± std over 5 seeds. ∗/∗∗: p<0.05/0.01 vs.
Dementia-R1.

Method Size Accuracy (↑) Precision (↑) Recall (↑) F1 score (↑) AUROC (↑) AUPRC (↑)

External LLMs
HuatuoGPT-o1 8B 67.53 ± 1.1∗∗ 71.33 ± 1.7∗∗ 60.63 ± 1.2∗∗ 65.53 ± 1.1∗∗ 73.89 ± 0.5∗∗ 74.81 ± 0.8∗∗

MedGemma 27B 67.27 ± 0.6∗∗ 62.42 ± 0.6∗∗ 89.79 ± 0.4∗∗ 73.64 ± 0.3∗∗ 74.14 ± 0.7∗∗ 71.06 ± 1.1∗∗

Qwen2.5-7B-Inst 7B 72.81 ± 0.8∗∗ 74.37 ± 1.2∗∗ 71.13 ± 0.6∗∗ 72.71 ± 0.7∗∗ 78.59 ± 0.8∗∗ 79.24 ± 0.8∗∗

Qwen2.5-32B-Inst 32B 62.03 ± 0.5∗∗ 57.67 ± 0.3∗∗ 95.63 ± 0.4∗∗ 71.95 ± 0.2∗∗ 79.93 ± 1.0∗∗ 79.33 ± 1.6∗∗

Qwen2.5-72B-Inst 72B 74.46 ± 0.6∗∗ 70.60 ± 0.7∗∗ 85.42 ± 0.7∗∗ 77.30 ± 0.4 83.41 ± 0.4 83.44 ± 0.6∗∗

Llama-3.3-70B-Inst 70B 67.27 ± 0.3∗∗ 62.14 ± 0.3∗∗ 91.39 ± 0.5∗∗ 73.98 ± 0.3∗∗ 80.70 ± 0.3∗∗ 81.11 ± 0.6∗∗

Specialized Models
SFT w/o Stage 1 7B 64.68 ± 0.9∗∗ 60.97 ± 0.6∗∗ 85.13 ± 1.1∗∗ 71.05 ± 0.8∗∗ 71.65 ± 1.7∗∗ 69.82 ± 2.0∗∗

GRPO w/o Stage 1 7B 72.15 ± 0.9∗∗ 70.19 ± 0.7∗∗ 78.74 ± 1.3∗∗ 74.21 ± 0.9∗∗ 79.88 ± 0.6∗∗ 80.46 ± 0.9∗∗

SFT w/o Stage 2 7B 74.16 ± 0.4∗∗ 71.96 ± 0.3∗∗ 80.67 ± 0.8∗∗ 76.07 ± 0.4∗ 76.31 ± 0.9∗∗ 69.32 ± 1.7∗∗

GRPO w/o Stage 2 7B 73.28 ± 0.6∗∗ 70.42 ± 0.8∗∗ 81.97 ± 0.4∗∗ 75.75 ± 0.4∗∗ 81.68 ± 0.3∗∗ 81.27 ± 0.2∗∗

SFT → SFT 7B 74.97 ± 0.8∗∗ 73.65 ± 0.8∗∗ 79.16 ± 1.0∗∗ 76.30 ± 0.8 77.15 ± 1.7∗∗ 72.41 ± 2.1∗∗

SFT → GRPO 7B 73.60 ± 1.0∗∗ 71.00 ± 1.1∗∗ 81.58 ± 1.0∗∗ 75.92 ± 0.9∗∗ 77.75 ± 1.5∗∗ 72.69 ± 2.0∗∗

Dementia-R1 (Ours) 7B 77.45 ± 0.2 79.26 ± 0.4 75.46 ± 0.7 77.31 ± 0.3 84.02 ± 0.3 85.73 ± 0.4

Table 2: Results on HPH. Notation follows Table 1.

Method Size Accuracy (↑) Precision (↑) Recall (↑) F1 score (↑) AUROC (↑) AUPRC (↑)

External LLMs
HuatuoGPT-o1 8B 69.68 ± 2.2∗∗ 35.11 ± 3.2∗∗ 47.32 ± 5.0∗∗ 40.23 ± 3.5∗∗ 63.58 ± 3.2∗∗ 32.93 ± 1.9∗∗

MedGemma 27B 70.21 ± 3.0∗∗ 38.69 ± 4.0∗∗ 64.39 ± 5.5 48.31 ± 4.6 73.13 ± 2.6∗∗ 41.06 ± 4.4∗∗

Qwen2.5-7B-Inst 7B 71.26 ± 1.6∗∗ 35.91 ± 3.7∗∗ 43.41 ± 8.5∗∗ 39.19 ± 5.6∗∗ 67.90 ± 3.2∗∗ 39.28 ± 4.1∗∗

Qwen2.5-32B-Inst 32B 74.00 ± 1.3 41.10 ± 2.3 46.83 ± 1.8∗∗ 43.76 ± 1.9∗∗ 68.54 ± 1.9∗∗ 39.20 ± 1.9∗∗

Qwen2.5-72B-Inst 72B 74.63 ± 1.4 42.57 ± 2.6 50.24 ± 3.6∗∗ 46.07 ± 2.9∗∗ 72.37 ± 1.1∗∗ 44.78 ± 2.6∗

Llama-3.3-70B-Inst 70B 57.58 ± 2.0∗∗ 30.28 ± 1.6∗∗ 74.15 ± 5.2∗∗ 42.98 ± 2.3∗∗ 67.41 ± 1.4∗∗ 34.91 ± 0.7∗∗

Specialized Models
SFT w/o Stage 1 7B 65.79 ± 1.1∗∗ 32.96 ± 1.4∗∗ 56.59 ± 2.8 41.65 ± 1.7∗∗ 63.75 ± 1.8∗∗ 30.39 ± 3.2∗∗

GRPO w/o Stage 1 7B 72.95 ± 1.8 38.37 ± 3.9∗∗ 41.95 ± 6.2∗∗ 39.98 ± 4.5∗∗ 69.96 ± 3.4∗∗ 38.69 ± 2.4∗∗

SFT w/o Stage 2 7B 41.68 ± 2.7∗∗ 21.93 ± 2.5∗∗ 66.83 ± 9.6 33.01 ± 4.0∗∗ 52.95 ± 2.7∗∗ 25.75 ± 3.6∗∗

GRPO w/o Stage 2 7B 74.32 ± 1.7 41.35 ± 3.2 44.88 ± 3.6∗∗ 42.99 ± 3.0∗∗ 69.73 ± 0.9∗∗ 38.53 ± 2.6∗∗

SFT → SFT 7B 38.95 ± 3.8∗∗ 20.80 ± 1.5∗∗ 64.88 ± 3.3 31.49 ± 2.0∗∗ 49.14 ± 1.2∗∗ 22.47 ± 1.7∗∗

SFT → GRPO 7B 74.63 ± 1.2 44.11 ± 1.8 65.37 ± 2.4 52.66 ± 1.9 74.75 ± 2.6 39.25 ± 3.3∗∗

Dementia-R1 (Ours) 7B 75.79 ± 1.6 45.67 ± 2.6 63.41 ± 4.1 53.06 ± 2.8 78.37 ± 1.8 51.03 ± 2.7

Table 3: Results on ADNI Benchmark. Includes Random Forest as ML baseline. Notation follows Table 1.

Model Method Size Accuracy (↑) Precision (↑) Recall (↑) F1 score (↑) AUROC (↑) AUPRC (↑)

ML Baseline
Random Forest — 83.46 ± 0.6 83.57 ± 0.7 77.13 ± 1.1 80.22 ± 0.7 90.96 ± 0.2 89.68 ± 0.3

External LLMs
HuatuoGPT-o1 8B 62.51 ± 2.1∗∗ 55.30 ± 1.8∗∗ 74.59 ± 2.2∗∗ 63.51 ± 1.9∗∗ 71.69 ± 1.8∗∗ 67.34 ± 2.9∗∗

MedGemma 27B 73.47 ± 1.0∗∗ 68.54 ± 1.2∗∗ 72.70 ± 0.8∗∗ 70.56 ± 1.0∗∗ 78.48 ± 1.0∗∗ 71.71 ± 1.1∗∗

Qwen2.5-7B-Inst 7B 62.48 ± 1.3∗∗ 55.41 ± 1.1∗∗ 72.62 ± 1.4∗∗ 62.85 ± 1.2∗∗ 66.23 ± 1.7∗∗ 57.17 ± 2.1∗∗

Qwen2.5-32B-Inst 32B 76.47 ± 0.7 72.16 ± 0.8 75.19 ± 1.3∗∗ 73.64 ± 0.9 82.51 ± 0.5 83.50 ± 0.5
Qwen2.5-72B-Inst 72B 80.00 ± 0.7∗∗ 82.80 ± 1.4∗∗ 68.50 ± 0.6∗∗ 74.97 ± 0.8 81.45 ± 0.5∗ 83.56 ± 0.6
Llama-3.3-70B-Inst 70B 78.91 ± 1.2∗ 77.27 ± 1.9∗∗ 73.39 ± 1.1∗∗ 75.27 ± 1.3 81.17 ± 0.4∗ 83.48 ± 0.5

Specialized Models
SFT w/o Stage 1 7B 69.49 ± 2.0∗∗ 62.39 ± 2.0∗∗ 76.22 ± 1.7 68.61 ± 1.9∗∗ 73.40 ± 1.7∗∗ 63.03 ± 2.1∗∗

GRPO w/o Stage 1 7B 66.34 ± 1.3∗∗ 59.34 ± 1.4∗∗ 73.22 ± 0.7∗∗ 65.55 ± 1.1∗∗ 72.97 ± 0.6∗∗ 67.18 ± 1.3∗∗

SFT w/o Stage 2 7B 76.59 ± 0.9 71.89 ± 1.3 76.31 ± 0.6∗ 74.03 ± 0.8 81.74 ± 1.9 76.12 ± 2.4∗∗

GRPO w/o Stage 2 7B 76.44 ± 1.2 74.05 ± 1.6∗ 70.99 ± 1.6∗∗ 72.48 ± 1.4∗ 79.07 ± 0.8∗∗ 77.65 ± 1.3∗∗

SFT → SFT 7B 75.57 ± 0.5 74.27 ± 1.1∗ 67.55 ± 1.1∗∗ 70.74 ± 0.6∗∗ 79.90 ± 0.3∗∗ 73.77 ± 1.1∗∗

SFT → GRPO 7B 77.34 ± 0.6 73.56 ± 0.9 75.19 ± 0.5∗∗ 74.37 ± 0.5 77.88 ± 1.5∗∗ 69.09 ± 2.3∗∗

Dementia-R1 7B 76.92 ± 0.8 71.48 ± 1.3 78.63 ± 0.7 74.87 ± 0.6 83.17 ± 1.3 82.00 ± 1.1
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Figure 4: Performance across time gaps. AUROC (top) and AUPRC (bottom) by prediction horizon for (a) AMC,
(b) HPH, and (c) ADNI. Dementia-R1 achieves the highest AUROC at the longest prediction horizons across all
three cohorts.

AMC to a distinct cross-disease, cross-hospital set-
ting.

4.5 Generalization to Structured Benchmarks

On the structured ADNI benchmark (Table 3),
Dementia-R1 achieves the highest AUROC among
all LLM baselines at 83.17%, while maintaining
an F1 score (74.87%) comparable to substantially
larger models. In addition, its Stage 1 perfor-
mance on fine-grained intermediate targets such
as CDRSB and ADAS remains competitive with
strong larger-scale baselines (Figure 1; Appendix
Table 14). These results suggest that the proposed
framework generalizes beyond unstructured hospi-
tal notes and remains effective on structured longi-
tudinal benchmark data.

As expected, the Random Forest baseline domi-
nates on ADNI, which is well suited to classical tab-
ular models; our framework instead targets unstruc-
tured longitudinal narratives and remains competi-
tive even in this structured regime. This ordering
is not ADNI-specific: ClinicalBench (Chen et al.,
2026) evaluates 22 general and medical LLMs from
0.5B to 70B under prompting, prompt engineering,
and fine-tuning, and finds that none surpasses tra-
ditional ML on tabular clinical prediction. Nor is
the gap attributable to our linearization: substitut-
ing the best-performing serialization format from
each of two established references leaves AUROC
unchanged or lower (Appendix A.4.2, Table 9).
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Figure 5: Clinical Index Density. ADNI (∼4.3×) and
AMC (∼1.6×) have more index visits per patient than
HPH.

4.6 Temporal Robustness Analysis

Figure 4 shows Dementia-R1 remains competitive
across prediction horizons, achieving the best AU-
ROC at the longest horizons on AMC (78.51%
at 18–24m) and ADNI (83.90% at 36m+). On
ADNI, the margin over Qwen2.5-32B/72B widens
significantly in the longest-term setting, highlight-
ing Stage 1’s benefit for extended reasoning. In
HPH, Dementia-R1 performs best overall, though
performance drops more noticeably in the ≥24m
bucket. This aligns with HPH’s lower density of
clinical indices relative to AMC and ADNI (Fig-
ure 5), suggesting that sparse measurements com-
plicate long-range prediction.

4.7 Neurologist Evaluation

Two board-certified neurologists conducted a
blinded pairwise evaluation against Qwen2.5-32B-
Instruct across five clinical dimensions and two in-
dependent cohorts (AMC and HPH), yielding 100
judgment pairs. Inter-rater agreement was moder-
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Figure 6: Neurologist Blind Pairwise Evaluation. Re-
sults from two cohorts (AMC and HPH) comparing
Dementia-R1 against Qwen2.5-32B-Instruct across five
clinical dimensions.

ate (Gwet’s AC1 = 0.54). Dementia-R1 achieved
a 68% win rate in Overall Clinical Utility, 72%
in both Evidence Grounding and Clinically Rele-
vant Evidence Selection, and a 95% Win/Tie rate in
Temporal Reasoning Accuracy (Figure 6). We also
conducted the same evaluation against Qwen2.5-
72B-Instruct; however, inter-rater agreement was
insufficient, so we report only the 32B comparison.

4.8 Ablation Study

Effect of Stage 1 Pre-training. Figure 7 shows
that incorporating Stage 1 consistently improves
convergence stability and peak AUROC across
AMC, HPH, and ADNI. However, the gain on
HPH is smaller than that on AMC. Since clinical-
index annotations are substantially sparser in HPH
than in AMC (Figure 5), we hypothesize that this
performance gap stems from the limited availabil-
ity of intermediate clinical-index supervision. To
test this hypothesis, we conduct an ablation study
on the AMC cohort by progressively reducing the
density of clinical-index labels. Figure 8 shows
that decreasing supervision density monotonically
degrades downstream prognosis performance on
AMC. Taken together, these results indicate that
richer intermediate supervision leads to stronger
final longitudinal prediction.

Choice of Stage 1 Target. Using a fixed 1,000-
sample exploratory ablation, GDS-only pretraining
slightly outperforms the combined-target setting
on AMC and HPH (Appendix Table 30). We do
not interpret this as a universal ranking of index
importance. Rather, the usefulness of a pretraining
target appears to depend on scale granularity, an-
notation density, and cohort-specific availability. A
coarser target such as GDS may offer a cleaner op-
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Figure 7: Stage 1 Pre-training Impact. AUROC over
training epochs on (a) AMC, (b) HPH, and (c) ADNI.
Solid lines show 500-step binned averages; dashed lines
show raw checkpoint values.
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Figure 8: Pretraining Density Ablation. Best over-
all AUROC at varying Stage 1 index density levels on
(a) AMC and (b) ADNI. Performance degrades mono-
tonically with reduced density.

timization signal during Stage 1, whereas finer or
sparser targets can be harder to exploit consistently.
For example, CDR is substantially sparser than
MMSE and GDS in AMC (Appendix Figure 14),
which may reduce its utility during Stage 1 despite
its clinical relevance at inference. The most effec-
tive pretraining target is therefore not always the
one that contributes most at inference, as the mask-
ing analysis below shows. Together with those
results, this suggests that different clinical indices
play distinct roles in pretraining and in downstream
prognosis.
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diction window on (a) AMC and (b) HPH. Three input
settings are compared: Note Only (raw clinical text),
Index Only (structured MMSE/GDS/CDR), and Note
+ Index (combined).

Role of Clinical Indices at Inference. We com-
pare three input settings: Note Only (raw clinical
text), Index Only (structured MMSE/GDS/CDR),
and Note + Index (combined). Note + Index per-
forms best on both AMC and HPH (Figure 9),
showing that structured indices and free-text notes
provide complementary prognostic information.
The benefit of index input tracks measurement
density: AMC has far more index-bearing visits
per patient than HPH (Figure 5), so explicit in-
dices give a stronger signal there. We also mask
one or more indices at inference, writing −M for
MMSE, −G for GDS, and −C for CDR (CDRSB
on ADNI). MMSE-family signals contribute most
on AMC and HPH, while CDRSB has the largest
effect on ADNI (Figure 10). Performance never-
theless remains substantial even when all indices
are masked, indicating that the model has internal-
ized longitudinal reasoning beyond explicit index
copying. Appendix A.13 confirms this on the natu-
rally occurring zero-index subsets. Non-monotonic
trajectories are a further stress case. On the 209
AMC patients whose GDS trajectory crosses the
dementia cutoff, Dementia-R1 leads all nine base-
lines, and its margin over the direct Stage 1 ablation
widens to 7.35 AUROC points (Appendix A.14).

4.8.1 Generalization Across Backbones
Repeating all configurations on Llama-3.1-8B-
Instruct yields the same conclusion: Dementia-R1
achieves the best F1, AUROC, and AUPRC among
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Figure 10: Clinical Index Masking Ablation. AU-
ROC change (∆) when masking clinical indices at
inference. Conditions are named by the index re-
moved: M = MMSE, G = GDS, C = CDR in (a) AMC
and (b) HPH, and M = MMSE, C = CDRSB, A = ADAS-
Cog/memory in (c) ADNI. Full retains all indices and
−All masks every index. Hatching marks conditions
in which MMSE is masked. Exact values are in Ap-
pendix A.11 (AMC) and A.10 (ADNI).

all Llama-based variants (Appendix Table 18), sup-
porting that the benefit of the framework is not
backbone-specific.

5 Conclusion

We introduced Dementia-R1, a reinforcement learn-
ing framework for longitudinal dementia progno-
sis from clinical histories. A Cold-Start RL stage
on verifiable clinical indices teaches longitudinal
reasoning under sparse rewards. Across two real-
world hospital cohorts and the structured ADNI
benchmark, Dementia-R1 consistently achieved
strong performance, including cross-hospital gen-
eralization and the best AUROC among LLM base-
lines on ADNI. These results support verifiable-
reward RL as an effective approach for longitudinal
clinical prediction from real-world patient records.
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Limitations

We acknowledge several limitations in our study.

• Cohort and language generalization. All
unstructured data come from two Korean hos-
pitals, so a single nation and ethnic group
is represented, and generalization to other
demographics, languages, or documentation
styles is untested. The framework itself is not
language-specific, since it depends only on the
availability of verifiable clinical indices. Once
a comparable extractor exists for the target
language, the same pipeline transfers directly.
Validation on English-language EHRs from
US or UK hospital systems is the immediate
next step.

• Translation. Converting Korean notes into
English may lose subtle cues, such as syn-
tactic irregularities, that are themselves infor-
mative for cognitive decline. Translation is a
practical convenience rather than a method-
ological requirement. Future work should
apply the method directly to native-language
text.

• Dependence on the auxiliary extractor.
Stage 1 rewards come from an auxiliary LLM,
so extraction errors could in principle propa-
gate into RL training. A human expert audit
over 600 notes measured 98.17% slot-level ac-
curacy, with case-level rather than systematic
errors (Appendix A.15). A noise-injection test
shows that the downstream prognosis is insen-
sitive to this failure mode: corrupting 70% of
the Stage 1 indices changes the final AUROC
by less than half a point (Appendix A.16).
The audit used a single clinician, so inter-rater
agreement remains unquantified.

• Reliance on quantifiable clinical indices.
Our approach requires indices that can be ver-
ified numerically. In practice this is rarely a
barrier, since most chronic and progressive
diseases are monitored through quantifiable
assessments such as UPDRS, PHQ-9, NYHA
class, or HbA1c, and our Cold-Start RL is
scale-agnostic. Where no established scale
fits, the same design becomes a discovery
tool, because comparing candidate indices as
Stage 1 targets reveals which signals carry the
most prognostic information (Sec. 4.8). Con-

ditions defined mainly by subjective markers
remain out of reach.

• Nature of the reference labels. The demen-
tia and PDD labels are clinically derived from
staging instruments, ICD-10 coding, and pre-
scription records (Sec. 4.1.1). They are not
biomarker-confirmed or neuropathologically
verified. Some diagnostic heterogeneity is
therefore possible, and absolute performance
should be read against clinical reference stan-
dards.

• Residual prodromal signal. Explicit leak-
age is prevented by construction, since the
input ends at the Target Anchor and all splits
are patient-level (Sec. 4.1.2). Some residual
signal nevertheless persists, as in any longi-
tudinal clinical task. We believe prodromal
signal is the more precise framing. Grad-
ual cognitive decline, mood changes, or sub-
tle functional impairment in earlier notes are
clinically meaningful precursors that a model
should use. Removing them would require a
single-visit input, which defeats the task. We
therefore frame our task as prognosis rather
than screening.

• Binary formulation. We represent the out-
come as dementia versus non-dementia. This
is a reasonable first design, but it collapses
clinically meaningful distinctions. Two exten-
sions follow naturally. Mild cognitive impair-
ment could be added as a third class to capture
the prodromal stage. Subtype classification
within dementia is also feasible, given the
cross-disease generalization to PDD shown
here.
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A Appendix

A.1 Temporal Density Ablation
We uniformly subsample longitudinal measure-
ment time points to simulate reduced testing fre-
quencies and assess the impact on prognosis (Fig-
ure 15). On AMC (456 patients, ≥2 visits; den-
sities: 100/50/0%), ADNI (342 patients, ≥4 vis-
its; densities: 100/75/50/25%), and HPH (0% vs.
100% only, due to sparse index coverage), AU-
ROC degrades monotonically with reduced den-
sity: −7.3%p on AMC (85.83→78.50), −4.8%p
on HPH (78.37→73.59), and −11.9%p on ADNI
(88.73→76.80). The steeper ADNI decline reflects
greater reliance on structured measurements in the
absence of free-text narratives. Notably, even at 0%
density on AMC, the model retains 78.50% AU-
ROC, confirming that it has internalized reasoning
from unstructured text beyond explicit scores.

A.2 ADNI Data Description
Data used in the preparation of this article were ob-
tained from the Alzheimer’s Disease Neuroimaging
Initiative (ADNI) database (adni.loni.usc.edu).
The ADNI was launched in 2003 as a public-
private partnership, led by Principal Investigator
Michael W. Weiner, MD. The primary goal of
ADNI has been to test whether serial magnetic res-
onance imaging (MRI), positron emission tomog-
raphy (PET), other biological markers, and clinical
and neuropsychological assessment can be com-
bined to measure the progression of mild cognitive
impairment (MCI) and early Alzheimer’s disease
(AD).

A.3 Preprocessing Data Statistics
A.3.1 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 index 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

Table 4: Table A1: 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.

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 – 722 / 78

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

the overall dataset composition, and Table 5 reports
the task-wise distribution.

A.3.2 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.4.2).
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
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.5 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.
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Table 6: Table A3: Stage 1 (Pretraining) dataset
statistics (ADNI). Fine-tuning test participants are fully
excluded to prevent leakage.

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
ADAS11 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

A.4 Data Preprocessing Details

A.4.1 AMC (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).

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

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

A.4.2 ADNI (Structured Tabular Data)
Data Transformation (Linearization). We
transformed structured tabular records into longitu-
dinal textual logs suitable for LLM input. For each
visit, we aggregated key biomarkers—including
cognitive scores (MMSE, CDR-SB, ADAS-Cog),
CSF biomarkers (Aβ, 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 AMC 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.

2. Proportional Tolerance-Aware Labeling:
Unlike categorical labels, these indices vary
widely in range. To standardize difficulty, we
defined a relative tolerance ratio ρ ≈ 6.7%
(derived from the standard allowance of ±2
points on the 30-point MMSE scale). For each
index, the allowable error margin δ was calcu-
lated as ⌈Range × ρ⌉. The specific thresholds
are detailed in Table 8.

3. Token Filtering: Samples exceeding 8,000
tokens were filtered out using the tokenizer
constraints.

4. Evaluation Set: Consistent with the AMC
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 (δ) were scaled proportionally to the range
of each metric.

Clinical Index Range Tolerance (δ)

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
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Choice of Linearization Format. Because lin-
earizing tabular records into text could in principle
discard signal, we compared our format against
the best-performing serialization reported by two
established references, rather than against arbi-
trary variants: the row-level Text Template of
TabLLM (Hegselmann et al., 2023) and the table-
level HTML markup of Table Meets LLM (Sui et al.,
2024). Our linearization corresponds to TabLLM’s
List Template. We re-ran Stage 2 fine-tuning sep-
arately for each variant, reusing the same Stage 1
checkpoint and hyperparameters. As shown in Ta-
ble 9, neither alternative meaningfully exceeds our
baseline: Text Template is statistically indistin-
guishable from it, consistent with TabLLM’s ob-
servation that format differences vanish given suffi-
cient training data (ADNI provides 1,832 training
samples), while HTML markup actively hurts, in-
dicating that the markup-familiarity gains reported
for structural-understanding tasks do not transfer
to longitudinal clinical reasoning.

Table 9: ADNI Linearization Format Comparison.
Test AUROC (mean ± std over 5 seeds) after re-running
Stage 2 for each serialization format.

Linearization AUROC ∆ vs. List

List Template (ours) 0.8317 ± 0.0130 —
Text Template (Hegselmann et al., 2023) 0.8269 ± 0.0098 −0.48 pp
HTML (Sui et al., 2024) 0.7808 ± 0.0112 −5.09 pp

The gap between Dementia-R1 and the Random
Forest baseline on ADNI (Table 3) is therefore
attributable to the intrinsically tabular nature of
the benchmark rather than to signal loss in our
linearization.

A.5 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 11 de-
tails the distribution of these time gaps for the test
sets. The two real-world cohorts (AMC and HPH)
are predominantly concentrated in shorter intervals
(6–18m), reflecting dense clinical follow-up prior
to diagnosis. In contrast, the ADNI cohort presents
a substantially more challenging scenario, with a
large proportion of samples falling into the >18m
bucket, reflecting the longitudinal nature of MCI
progression monitoring. This diversity ensures that
our evaluation covers both immediate screening
and long-term prognostic scenarios.

Figure 11: Time Gap Distribution by Cohort (Test
Sets). The histograms show the interval between the
last available clinical note and the diagnosis date across
three cohorts. Intervals ≥18 months are consolidated
into a single >18m bucket. The AMC and HPH cohorts
are concentrated in shorter intervals (6–18m), reflecting
relatively dense clinical follow-up prior to diagnosis. In
contrast, the ADNI cohort displays a substantially larger
proportion of long-term samples (>18m), reflecting the
longitudinal nature of MCI progression monitoring.

A.6 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 13, 14), 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
cohort (Tables 12), the model consistently out-
performs baselines in short-to-mid term intervals,
achieving notable gains in GDS and CDR predic-
tion.

Figures 12 and 13 visualize the multi-
dimensional performance profiles for the AMC and
HPH cohorts, respectively. Dementia-R1 achieves
the most balanced profile across both intermedi-
ate clinical reasoning and final prognosis on each
cohort.

Beyond time-gap analysis, Table 10 reports the
overall clinical index prediction accuracy on the
AMC cohort. Dementia-R1 achieves the highest av-
erage accuracy (55.1%), outperforming Qwen2.5-
72B-Instruct (56.3%) on GDS and matching it on
MMSE—while being 10× smaller.

Table 11 reports the clinical index prediction ac-
curacy on the HPH cohort (MMSE and GDS only,
as CDR was not available). Qwen2.5-72B-Instruct
achieves the highest overall accuracy (45.2%),
while Dementia-R1 (7B) ranks third (42.1%), no-
tably outperforming all other 7B configurations and
matching Qwen2.5-32B-Instruct (42.6%).
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Figure 12: Multi-dimensional Performance Profile
(AMC). Radar chart combining Stage 1 clinical in-
dex accuracy (MMSE, GDS, CDR) and Stage 2 de-
mentia prognosis (F1, AUROC, AUPRC). Dementia-R1
achieves the most balanced profile overall.

Figure 13: Multi-dimensional Performance Profile
(HPH). Radar chart combining Stage 1 clinical index
accuracy (MMSE, GDS) and Stage 2 PDD prognosis
(F1, AUROC, AUPRC). Dementia-R1 dominates on all
prognosis metrics.

A.7 Stage 2: Performance of Final Binary
Prognosis

Building on the clinical indicators established in
Stage 1, Stage 2 assesses the model’s ultimate ca-

Table 10: Performance on Clinical Index Prediction
for the AMC cohort. We evaluate the accuracy of pre-
dicting MMSE, GDS, and CDR scores. Bold/underline
= best/second-best. Mean ± std over 3 seeds.

Model Method Size MMSE GDS CDR Average

External LLMs
HuatuoGPT-o1 8B 44.3 ± 0.5 36.9 ± 2.5 43.7 ± 8.7 41.1 ± 0.6
MedGemma 27B 52.4 ± 0.3 44.2 ± 0.5 42.3 ± 2.1 47.8 ± 0.3
Qwen2.5-7B-Inst 7B 53.1 ± 1.6 49.4 ± 1.2 58.3 ± 3.2 52.1 ± 1.5
Qwen2.5-32B-Inst 32B 55.2 ± 1.2 48.3 ± 2.2 69.0 ± 3.6 53.9 ± 0.2
Qwen2.5-72B-Inst 72B 56.1 ± 1.3 52.4 ± 1.8 71.0 ± 1.0 56.3 ± 1.0
Llama-3.3-70B-Inst 70B 54.2 ± 2.2 38.3 ± 1.4 58.3 ± 2.1 48.0 ± 0.7

Specialized Models
SFT → SFT 7B 51.8 ± 2.2 39.4 ± 0.7 53.3 ± 1.5 46.8 ± 1.4
SFT → GRPO 7B 27.5 ± 2.6 23.6 ± 3.2 39.7 ± 3.1 27.3 ± 1.8
Dementia-R1 7B 54.7 ± 0.6 52.4 ± 0.9 66.7 ± 2.1 55.1 ± 0.4

Table 11: Performance on Clinical Index Predic-
tion for the HPH cohort. MMSE and GDS accuracy.
Bold/underline = best/second-best. Mean ± std over 3
seeds.

Model Method Size MMSE GDS Average

External LLMs
HuatuoGPT-o1 8B 40.5 ± 4.3 26.3 ± 1.0 33.4 ± 1.7
MedGemma 27B 43.7 ± 1.9 32.1 ± 1.0 37.9 ± 0.9
Qwen2.5-7B-Inst 7B 48.4 ± 2.1 35.5 ± 1.2 41.9 ± 0.5
Qwen2.5-32B-Inst 32B 49.0 ± 0.9 36.1 ± 0.6 42.6 ± 0.2
Qwen2.5-72B-Inst 72B 49.9 ± 2.6 40.6 ± 1.6 45.2 ± 1.2
Llama-3.3-70B-Inst 70B 43.5 ± 2.3 31.2 ± 0.8 37.4 ± 1.5

Specialized Models
SFT → SFT 7B 26.3 ± 3.9 22.2 ± 2.7 24.3 ± 1.2
SFT → GRPO 7B 7.1 ± 1.1 23.2 ± 1.3 15.2 ± 0.7
Dementia-R1 7B 44.9 ± 1.4 39.3 ± 0.8 42.1 ± 1.0

pacity to determine the final binary prognosis. As
summarized in Table 15, Dementia-R1 achieves
the highest overall AUROC on the Asan dataset,
demonstrating notable consistency across all time
intervals (6–12m, 12–18m, 18–24m). Similarly,
the results on the ADNI benchmark (Table 17) and
the HPH cohort (Table 16) further highlight the
model’s robustness across diverse prediction hori-
zons. In particular, Dementia-R1 achieves the high-
est AUROC in the longest-term bucket (36m+ for
ADNI; ≥24m for HPH), confirming its effective-
ness in modeling longitudinal disease trajectories.

A.8 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 16 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
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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
diagnosis, their reasoning processes diverge signif-
icantly. Figure 17 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.9 Llama-3.1 Backbone Results
To verify that our framework generalizes beyond
the Qwen backbone, we evaluate all training con-
figurations using Llama-3.1-8B-Instruct as the
base model. As shown in Table 18, Dementia-
R1 achieves the highest F1 (77.90%), AUROC
(85.29%), and AUPRC (85.58%) among all Llama-
based variants, with significant improvements (p <

0.01).

A.10 Leave-One-Out Index Ablation (ADNI)
To quantify the contribution of each clinical in-
dex learned during Stage 1 pre-training, we per-
form a leave-one-out ablation on the ADNI dataset.
At inference time (T=0), we remove one index
from the input and evaluate the full Stage 2 demen-
tia prognosis performance. Table 19 summarizes
the results. Performance remained stable across
all removals (F1: 0.74–0.77, AUROC: 0.83–0.85),
demonstrating that the model does not over-rely
on any single index. Among all indices, remov-
ing CDR-SB caused the sharpest decline (F1: 0.74,
AUPRC: 0.80), identifying it as the most influential
prognostic indicator. Notably, high AUROC was
maintained even without memory-specific scales
(RAVLT, LDELTOTAL), confirming strong cross-
index redundancy.

A.11 Clinical Index Masking Ablation (AMC,
Full Results)

Table 20 reports the full results of the clinical index
masking ablation on the AMC cohort, including
overall and bucket-wise performance breakdowns.

A.12 Temporal Density Ablation (Full
Results)

Table 21 reports the full results of the temporal den-
sity ablation on the HPH cohort, including overall
and bucket-wise performance breakdowns.

A.13 Robustness under Naturally Sparse
Clinical Indices

The masking ablation (Figure 10) removes clini-
cal indices artificially at inference time. To com-
plement it, we evaluate the naturally occurring
sparse regime by stratifying the test sets accord-
ing to how many MMSE/GDS/CDR mentions are
actually present in the input history, and reporting
performance on the zero-index subset, in which the
model must rely entirely on free-text narrative.

AMC. Of the 935 AMC test samples, 93 contain
no clinical index mention at all. Table 22 reports
AUROC on this subset. Dementia-R1 leads all
nine baselines, including the direct Stage 1 ablation
(GRPO w/o Stage 1, −2.66) and every general-
purpose model up to 72B.

HPH. HPH is naturally the sparsest cohort: 166
of its 190 test samples (87%) contain no clinical
index mention, making it the most direct real-world
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Table 12: Stage 1 Performance by Time Gap (AMC). 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 Acc (↑) 0–6m 6–12m 12–18m >18m

External LLMs
Qwen2.5-32B-Inst 57.90 ± 0.05 60.66 ± 0.43 54.91 ± 0.53 55.15 ± 1.21 50.43 ± 5.08
Qwen2.5-7B-Inst 54.68 ± 0.32 57.56 ± 0.69 51.19 ± 1.16 52.76 ± 0.99 46.32 ± 2.28

Specialized Models
SFT → SFT 51.73 ± 0.53 55.07 ± 0.87 48.37 ± 0.75 46.95 ± 0.59 46.90 ± 5.02
SFT → GRPO 55.81 ± 0.46 59.60 ± 0.69 51.21 ± 1.15 52.64 ± 0.41 49.62 ± 5.43
Dementia-R1 59.61 ± 0.46 63.38 ± 0.45 55.25 ± 0.69 56.41 ± 0.58 49.49 ± 2.84

Table 13: Stage 1 Performance by Time Gap (ADNI). Dementia-R1 demonstrates superior long-term reasoning
capability (>18 months) compared to larger baselines (32B), validating the efficacy of the proposed RL framework.

Overall Accuracy by Time Gap to Prediction Target

Method Acc (↑) 0–6m 6–12m 12–18m >18m

External LLMs
Qwen2.5-32B-Inst 77.91 ± 0.18 81.26 ± 0.27 77.38 ± 0.25 76.77 ± 0.52 80.30 ± 0.67
Qwen2.5-7B-Inst 75.67 ± 0.31 77.87 ± 0.46 75.09 ± 0.43 75.46 ± 0.58 78.19 ± 1.05

Specialized Models
SFT → SFT 64.42 ± 0.23 66.60 ± 0.28 63.58 ± 0.69 63.26 ± 0.68 68.10 ± 1.74
SFT → GRPO 67.61 ± 0.33 71.26 ± 1.16 67.47 ± 0.62 65.05 ± 0.51 70.33 ± 1.34
Dementia-R1 77.04 ± 0.28 79.44 ± 0.92 76.30 ± 0.51 76.23 ± 0.52 80.62 ± 0.99

Table 14: Stage 1 Accuracy by Clinical Index (ADNI). Bold/underline = best/second-best. Mean ± std over 3
seeds.

Overall CDRSB ADAS11 ADAS13 RAVLT MMSE ADASQ4 LDEL
Method Size Acc (↑) Acc (↑) Acc (↑) Acc (↑) Acc (↑) Acc (↑) Acc (↑) Acc (↑)

External LLMs
HuatuoGPT-o1 8B 62.17 ± 0.94 44.70 ± 1.34 79.10 ± 1.44 74.08 ± 1.12 70.55 ± 0.53 58.91 ± 1.89 54.00 ± 0.40 51.96 ± 2.00
MedGemma 27B 74.37 ± 0.38 82.52 ± 0.36 81.45 ± 0.68 78.76 ± 0.42 80.34 ± 0.39 74.55 ± 0.58 61.72 ± 1.14 57.32 ± 1.39
Qwen2.5-7B-Inst 7B 74.87 ± 0.48 81.35 ± 0.43 81.95 ± 0.91 81.22 ± 0.87 79.99 ± 1.22 75.05 ± 0.69 61.09 ± 1.78 59.93 ± 0.93
Qwen2.5-32B-Inst 32B 77.94 ± 0.19 85.48 ± 0.77 86.82 ± 0.44 84.28 ± 0.55 81.83 ± 0.80 77.53 ± 0.32 65.24 ± 0.07 60.19 ± 0.48
Qwen2.5-72B-Inst 72B 77.35 ± 0.18 85.40 ± 0.07 84.51 ± 0.54 83.68 ± 0.12 82.66 ± 0.15 76.98 ± 0.63 63.77 ± 0.98 60.46 ± 0.60
Llama-3.3-70B-Inst 70B 76.03 ± 0.24 85.52 ± 0.25 82.28 ± 0.21 81.50 ± 0.44 81.26 ± 0.35 75.60 ± 0.77 62.64 ± 0.50 59.45 ± 0.33

Specialized Models
SFT → SFT 7B 63.82 ± 0.70 70.27 ± 1.43 71.21 ± 0.44 66.22 ± 1.41 73.61 ± 1.78 66.25 ± 0.94 42.98 ± 1.02 54.09 ± 2.38
SFT → GRPO 7B 37.20 ± 0.55 46.60 ± 1.59 34.94 ± 0.12 30.71 ± 1.51 42.81 ± 3.94 42.10 ± 1.01 27.92 ± 1.12 35.03 ± 1.84
Dementia-R1 7B 77.38 ± 0.14 83.98 ± 0.42 85.71 ± 0.31 84.00 ± 0.07 82.35 ± 0.72 77.27 ± 0.86 64.15 ± 0.88 60.14 ± 0.37

Table 15: Stage 2 Fine-tuning Performance by Time Gap (AMC). We report the breakdown of AUROC and
AUPRC across prediction horizons. Dementia-R1 consistently outperforms all baselines across all time gaps. All
results represent mean ± standard deviation across five random seeds.

Overall 6–12m 12–18m 18–24m

Method AUROC AUPRC AUROC AUPRC AUROC AUPRC AUROC AUPRC

External LLMs
HuatuoGPT-o1 73.89 ± 0.5 74.81 ± 0.9 74.50 ± 1.0 73.28 ± 1.6 75.90 ± 1.4 78.21 ± 1.6 71.08 ± 3.5 80.77 ± 3.6
Qwen2.5-7B-Inst 78.59 ± 0.8 79.24 ± 0.9 79.41 ± 0.9 78.48 ± 0.7 80.27 ± 1.8 82.07 ± 1.8 76.62 ± 2.6 83.80 ± 3.2
Qwen2.5-32B-Inst 79.93 ± 1.2 79.33 ± 1.7 79.95 ± 1.3 78.13 ± 2.6 82.09 ± 1.1 82.71 ± 0.6 74.47 ± 3.3 79.54 ± 2.4
Qwen2.5-72B-Inst 83.41 ± 0.4 83.44 ± 0.7 83.29 ± 0.7 81.15 ± 1.1 85.37 ± 0.6 86.80 ± 1.1 77.38 ± 2.6 84.43 ± 3.6
Llama-3.3-70B-Inst 80.70 ± 0.3 81.11 ± 0.7 80.39 ± 0.5 79.03 ± 0.9 83.00 ± 0.7 84.52 ± 0.7 73.61 ± 1.9 80.58 ± 3.2
MedGemma-27B 74.14 ± 0.8 71.06 ± 1.2 74.65 ± 1.6 70.17 ± 1.9 75.78 ± 0.7 73.37 ± 1.3 71.56 ± 1.6 76.88 ± 2.6

Specialized Models
SFT w/o Stage 1 71.65 ± 1.9 69.82 ± 2.2 70.59 ± 1.2 65.63 ± 1.7 73.83 ± 2.6 74.63 ± 3.1 70.24 ± 9.4 78.91 ± 7.5
GRPO w/o Stage 1 81.68 ± 0.4 81.27 ± 0.3 81.97 ± 0.8 79.67 ± 1.2 84.16 ± 0.9 85.22 ± 1.8 76.07 ± 2.1 84.47 ± 2.8
SFT → SFT 77.15 ± 1.9 72.41 ± 2.4 77.20 ± 2.1 69.59 ± 2.8 78.28 ± 1.8 75.66 ± 2.2 72.59 ± 7.1 79.77 ± 7.0
SFT → GRPO 77.75 ± 1.7 72.69 ± 2.3 78.72 ± 2.5 71.23 ± 3.8 78.18 ± 1.2 74.34 ± 2.0 70.52 ± 4.3 79.03 ± 4.1
Dementia-R1 84.02 ± 0.4 85.73 ± 0.4 84.67 ± 0.6 85.40 ± 0.6 85.39 ± 0.4 87.44 ± 0.5 78.51 ± 2.7 86.15 ± 1.7
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Table 16: Stage 2 Fine-tuning Performance by Time Gap (HPH). We report the breakdown of AUROC and
AUPRC across prediction horizons. All results represent mean ± standard deviation across five random seeds.

Overall 6–12m 12–18m 18–24m ≥24m

Method AUROC AUPRC AUROC AUPRC AUROC AUPRC AUROC AUPRC AUROC AUPRC

External LLMs
HuatuoGPT-o1 63.58 ± 3.2 32.93 ± 1.9 58.51 ± 5.9 38.06 ± 6.5 69.18 ± 3.6 50.94 ± 7.3 71.76 ± 7.3 47.81 ± 11.9 57.44 ± 6.9 24.62 ± 4.5
Qwen2.5-7B-Inst 67.90 ± 3.2 39.28 ± 4.1 66.12 ± 4.4 45.42 ± 5.3 70.79 ± 5.4 52.81 ± 7.6 78.70 ± 9.0 63.06 ± 10.2 60.07 ± 6.5 24.60 ± 2.5
Qwen2.5-32B-Inst 68.54 ± 1.9 39.20 ± 1.9 74.12 ± 4.0 55.05 ± 9.3 72.26 ± 4.6 63.83 ± 3.8 74.92 ± 8.3 50.85 ± 7.9 55.68 ± 8.7 24.42 ± 5.1
Qwen2.5-72B-Inst 72.37 ± 1.1 44.78 ± 2.6 77.52 ± 4.1 58.52 ± 4.6 77.57 ± 1.9 68.05 ± 1.7 78.28 ± 5.9 62.97 ± 6.9 61.52 ± 1.4 32.25 ± 6.1
Llama-3.3-70B-Inst 67.41 ± 1.4 34.91 ± 0.7 72.57 ± 3.9 55.01 ± 7.7 74.91 ± 2.4 55.84 ± 3.2 68.99 ± 5.2 31.43 ± 2.4 56.96 ± 3.8 28.34 ± 3.7
MedGemma-27B 73.13 ± 2.6 41.06 ± 4.4 77.63 ± 4.1 50.20 ± 5.9 81.76 ± 2.5 62.69 ± 5.3 72.65 ± 5.6 39.15 ± 8.4 58.55 ± 5.7 32.75 ± 8.2

Specialized Models
SFT w/o Stage 1 63.75 ± 1.8 30.39 ± 3.2 64.78 ± 9.8 38.41 ± 13.0 61.74 ± 5.3 42.81 ± 7.1 75.50 ± 4.9 37.11 ± 3.0 57.92 ± 13.2 24.50 ± 9.6
GRPO w/o Stage 1 69.96 ± 3.4 38.69 ± 2.4 65.99 ± 9.7 44.93 ± 9.5 71.32 ± 4.7 55.65 ± 6.8 84.96 ± 4.7 64.54 ± 4.3 65.48 ± 5.4 27.15 ± 4.0
SFT → SFT 49.14 ± 1.2 22.47 ± 1.7 49.10 ± 6.8 28.04 ± 4.5 48.41 ± 7.1 34.50 ± 7.0 49.87 ± 10.4 22.16 ± 5.4 49.73 ± 4.8 20.33 ± 4.2
SFT → GRPO 74.75 ± 2.6 39.25 ± 3.3 79.23 ± 4.6 51.57 ± 7.6 80.62 ± 4.3 61.43 ± 10.1 75.97 ± 6.7 39.07 ± 9.4 62.61 ± 6.7 26.32 ± 7.2
Dementia-R1 78.37 ± 1.8 51.03 ± 2.7 75.50 ± 3.8 56.18 ± 4.6 81.96 ± 3.2 61.35 ± 3.5 93.99 ± 3.4 84.76 ± 6.7 68.60 ± 4.9 35.79 ± 6.9

Table 17: Stage 2 Fine-tuning Performance by Time Gap (ADNI). While large-scale general models (e.g.,
Qwen2.5-32B) show strong performance in certain horizons, Dementia-R1 demonstrates superior robustness in the
longest-term reasoning (>36 months). All results represent mean ± standard deviation across five random seeds.

Overall 6–12m 12–18m 18–24m 24–30m 30–36m 36m+

Method AUROC AUPRC AUROC AUPRC AUROC AUPRC AUROC AUPRC AUROC AUPRC AUROC AUPRC AUROC AUPRC

External LLMs
HuatuoGPT-o1 71.69 ± 2.0 67.34 ± 3.2 76.93 ± 2.6 76.76 ± 4.5 75.92 ± 1.6 69.42 ± 4.2 71.64 ± 6.4 70.70 ± 6.7 70.91 ± 1.2 68.35 ± 2.8 71.23 ± 2.4 69.70 ± 3.3 62.15 ± 4.1 56.16 ± 6.4
Qwen2.5-7B-Inst 66.23 ± 1.9 57.17 ± 2.4 78.26 ± 4.5 75.61 ± 6.6 67.74 ± 4.3 56.48 ± 5.3 62.61 ± 2.3 62.58 ± 3.0 65.42 ± 3.1 57.23 ± 4.3 69.28 ± 2.3 65.42 ± 4.0 53.42 ± 4.5 42.69 ± 4.7
Qwen2.5-32B-Inst 82.51 ± 0.6 83.50 ± 0.6 83.34 ± 1.6 83.24 ± 2.1 84.90 ± 1.2 86.09 ± 1.1 81.70 ± 1.4 85.24 ± 1.7 83.22 ± 1.0 82.90 ± 1.6 85.00 ± 1.1 86.92 ± 1.9 74.48 ± 1.7 76.27 ± 2.1
Qwen2.5-72B-Inst 81.45 ± 0.6 83.56 ± 0.7 82.49 ± 1.3 83.60 ± 1.3 84.47 ± 1.2 85.38 ± 2.1 82.11 ± 1.9 87.81 ± 0.8 82.05 ± 0.9 82.80 ± 1.8 83.56 ± 1.7 87.31 ± 1.5 69.74 ± 5.5 73.47 ± 3.2
Llama-3.3-70B-Inst 81.17 ± 0.5 83.48 ± 0.6 83.26 ± 0.9 85.98 ± 1.0 84.47 ± 0.8 85.71 ± 1.4 80.65 ± 0.9 86.12 ± 0.5 81.51 ± 1.1 82.79 ± 1.1 83.68 ± 0.6 87.37 ± 0.8 70.20 ± 1.5 75.41 ± 0.8
MedGemma-27B 78.48 ± 1.1 71.71 ± 1.2 75.94 ± 3.7 69.16 ± 4.5 81.50 ± 1.6 75.88 ± 3.7 77.08 ± 2.8 72.71 ± 2.8 79.65 ± 2.1 71.85 ± 4.7 75.70 ± 3.1 74.52 ± 2.3 79.57 ± 3.2 72.01 ± 4.9

Specialized Models
SFT w/o Stage 1 73.40 ± 1.9 63.03 ± 2.4 73.68 ± 5.3 63.82 ± 7.7 74.47 ± 2.0 65.14 ± 5.9 76.01 ± 4.9 71.43 ± 6.4 74.02 ± 3.9 62.70 ± 6.6 71.99 ± 3.4 67.46 ± 5.3 69.98 ± 7.0 59.53 ± 7.4
GRPO w/o Stage 1 79.07 ± 0.9 77.65 ± 1.5 83.72 ± 2.7 85.75 ± 3.5 81.03 ± 1.2 77.37 ± 2.9 78.23 ± 3.8 80.89 ± 4.4 79.60 ± 1.4 76.71 ± 3.7 79.08 ± 2.0 80.42 ± 3.8 70.45 ± 4.9 66.69 ± 3.8
SFT → SFT 79.90 ± 0.3 73.77 ± 1.2 77.43 ± 2.3 72.61 ± 4.8 83.89 ± 3.6 77.04 ± 5.1 81.89 ± 1.4 82.10 ± 5.5 79.22 ± 2.1 71.38 ± 2.5 77.71 ± 1.8 76.96 ± 2.8 78.18 ± 4.7 72.28 ± 7.8
SFT → GRPO 77.88 ± 1.7 69.09 ± 2.6 77.41 ± 5.3 71.21 ± 7.6 80.99 ± 3.6 70.29 ± 6.4 77.42 ± 2.3 71.70 ± 2.6 76.84 ± 5.6 67.88 ± 5.7 79.02 ± 3.8 76.30 ± 3.3 73.35 ± 3.5 70.50 ± 8.1
Dementia-R1 83.17 ± 1.5 82.00 ± 1.2 85.39 ± 3.5 85.29 ± 4.1 83.87 ± 1.9 80.96 ± 3.5 83.85 ± 3.7 85.09 ± 3.2 82.13 ± 1.9 81.59 ± 3.3 82.66 ± 1.6 85.41 ± 1.1 83.90 ± 2.8 81.13 ± 4.1

Table 18: Experimental Results on AMC Dataset (Llama-3.1 Backbone). We compare Dementia-R1 against
Llama-3.1-8B-Instruct and its specialized variants. Bold and underline indicate the best and second-best perfor-
mance. All results represent mean ± standard deviation across five random seeds. Statistical significance compared
to Dementia-R1 is denoted by ∗ (p < 0.05) and ∗∗ (p < 0.01).

Method Size Accuracy (↑) Precision (↑) Recall (↑) F1 score (↑) AUROC (↑) AUPRC (↑)

External LLMs
Llama-3.1-8B-Inst 8B 54.37 ± 2.0∗∗ 68.94 ± 1.8∗∗ 58.91 ± 1.8∗∗ 63.53 ± 1.8∗∗ 66.66 ± 1.4∗∗ 63.44 ± 1.8∗∗

Specialized Models
SFT w/o Stage 1 8B 63.49 ± 0.8∗∗ 60.15 ± 0.5∗∗ 83.78 ± 2.3 70.01 ± 1.0∗∗ 67.19 ± 1.4∗∗ 66.74 ± 1.4∗∗

GRPO w/o Stage 1 8B 61.30 ± 1.8∗∗ 59.09 ± 1.3∗∗ 79.31 ± 2.4∗∗ 67.72 ± 1.6∗∗ 70.71 ± 1.7∗∗ 70.97 ± 1.3∗∗

SFT w/o Stage 2 8B 73.43 ± 0.6∗∗ 70.56 ± 0.7∗∗ 82.06 ± 1.0∗∗ 75.87 ± 0.6∗∗ 75.72 ± 0.9∗∗ 69.56 ± 1.4∗∗

GRPO w/o Stage 2 8B 74.31 ± 0.8∗∗ 70.11 ± 0.6∗∗ 86.55 ± 1.1∗∗ 77.46 ± 0.7∗∗ 84.01 ± 0.6∗∗ 84.05 ± 0.9∗∗

SFT → SFT 8B 73.86 ± 1.0∗∗ 72.46 ± 1.0∗∗ 78.49 ± 0.9∗∗ 75.35 ± 0.9∗∗ 74.30 ± 1.0∗∗ 69.41 ± 0.6∗∗

SFT → GRPO 8B 76.02 ± 0.5∗∗ 77.52 ± 0.9∗∗ 74.54 ± 0.7∗∗ 75.99 ± 0.4∗∗ 84.04 ± 0.4∗∗ 83.89 ± 0.6∗∗

Dementia-R1 8B 77.39 ± 0.6 78.09 ± 0.7 77.72 ± 0.9 77.90 ± 0.6 85.29 ± 0.2 85.58 ± 1.2

Table 19: Leave-One-Out Index Ablation (ADNI,
T=0). Each row removes the specified index from the
input at inference. CDR-SB removal causes the largest
performance drop, while overall stability confirms cross-
index redundancy.

Removed Index Acc Prec Rec F1 AUROC AUPRC

MMSE .79 .74 .80 .77 .85 .83
CDRSB .76 .70 .78 .74 .83 .80
ADAS11 .79 .74 .79 .76 .84 .85
ADAS13 .79 .77 .73 .75 .84 .83
ADASQ4 .78 .75 .74 .74 .84 .85
RAVLT .80 .76 .78 .77 .85 .83
LDELTOTAL .79 .75 .78 .76 .85 .86

analogue of the extremely sparse setting. Table 23

shows that Dementia-R1 again leads all nine base-
lines. The margin over the direct Stage 1 ablation
widens to −8.76, indicating that Cold-Start pre-
training is most valuable precisely when explicit
indices are unavailable and the model must infer
trajectory from narrative alone.

Taken together with the masking ablation, these
results indicate that Dementia-R1 does not merely
copy explicit clinical indices: it retains its advan-
tage over every baseline in the sparsest regime on
both cohorts.
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Table 20: Clinical Index Masking Ablation (AMC). Performance of Dementia-R1 when clinical indices are
masked at inference time. “None” denotes the unmasked baseline. The largest drops are consistently associated
with MMSE removal.

Overall 6–12m 12–18m 18–24m

Masked Index(es) AUROC AUPRC AUROC AUPRC AUROC AUPRC AUROC AUPRC

None (baseline) .8350 .8456 .8480 .8473 .8458 .8606 .7894 .8641
CDR .8295 .8371 .8378 .8309 .8406 .8614 .7990 .8818
GDS .8326 .8415 .8380 .8349 .8492 .8684 .7981 .8742
GDS + CDR .8295 .8350 .8391 .8350 .8424 .8542 .7808 .8492

MMSE .7941 .8065 .8065 .8054 .8160 .8356 .6731 .7644
MMSE + CDR .7882 .7783 .8022 .7772 .8082 .8061 .7067 .7659
MMSE + GDS .7829 .7834 .8056 .7885 .7903 .7993 .6923 .7691
ALL .7807 .7825 .7965 .7840 .7941 .8040 .7135 .7854

Table 21: Temporal Density Ablation (HPH). Performance at 0% (all indices masked) vs. 100% (all indices
retained). The model retains meaningful predictive power even without explicit clinical indices.

Overall 6–12m 12–18m 18–24m ≥24m

Density AUROC AUPRC AUROC AUPRC AUROC AUPRC AUROC AUPRC AUROC AUPRC

100% .7837 ± .0199 .5103 ± .0306 .7550 ± .0427 .5618 ± .0515 .8196 ± .0353 .6135 ± .0387 .9399 ± .0384 .8476 ± .0744 .6860 ± .0553 .3579 ± .0770
0% .7359 ± .0245 .5465 ± .0207 .7088 ± .0412 .5365 ± .0213 .7774 ± .0256 .7113 ± .0244 .8487 ± .1203 .7381 ± .1070 .6360 ± .0183 .3658 ± .0664

Table 22: AMC Zero-Index Subset (n=93). AUROC
(mean ± std over 5 seeds) on test samples containing
no MMSE/GDS/CDR mention.

Model Size AUROC ∆ vs. Ours

Dementia-R1 (Ours) 7B 72.24 ± 1.76 —

GRPO w/o Stage 1 7B 69.58 ± 2.07 −2.66
SFT → GRPO 7B 64.40 ± 2.97 −7.84
SFT → SFT 7B 61.82 ± 6.07 −10.42

Qwen2.5-7B-Instruct 7B 66.97 ± 2.70 −5.27
Qwen2.5-32B-Instruct 32B 64.55 ± 2.71 −7.69
Qwen2.5-72B-Instruct 72B 63.60 ± 1.91 −8.64
Llama-3.3-70B-Instruct 70B 62.48 ± 1.97 −9.76

HuatuoGPT-o1 (medical) 8B 65.27 ± 6.01 −6.97
MedGemma (medical) 27B 65.82 ± 3.41 −6.42

Table 23: HPH Zero-Index Subset (n=166). AUROC
(mean ± std over 5 seeds) on test samples containing
no MMSE/GDS mention.

Model Size AUROC ∆ vs. Ours

Dementia-R1 (Ours) 7B 75.24 ± 2.62 —

GRPO w/o Stage 1 7B 66.48 ± 4.96 −8.76
SFT → GRPO 7B 74.56 ± 3.08 −0.68
SFT → SFT 7B 48.91 ± 3.10 −26.33

Qwen2.5-7B-Instruct 7B 63.50 ± 3.01 −11.74
Qwen2.5-32B-Instruct 32B 63.62 ± 2.99 −11.62
Qwen2.5-72B-Instruct 72B 67.36 ± 1.29 −7.88
Llama-3.3-70B-Instruct 70B 65.74 ± 2.24 −9.50

HuatuoGPT-o1 (medical) 8B 60.50 ± 4.19 −14.74
MedGemma (medical) 27B 69.70 ± 3.12 −5.54

A.14 Robustness to Conflicting Longitudinal
Signals

Real clinical trajectories are frequently non-
monotonic: a patient may cross the dementia

threshold at one visit and fall back below it at the
next. We isolate this regime explicitly.

Stratification. We stratify the 935 AMC test
samples by whether the patient’s GDS trajectory
crosses the dementia cutoff (GDS ≥ 4). Exclud-
ing patients with fewer than two GDS readings
(n=231), the remaining 704 samples split into Sta-
ble Non-Dementia (n=331), Stable Dementia
(n=164), and Crossing (n=209), the last of which
contains directly contradictory signals across visits.
HPH cannot be stratified this way because 87.4%
of its patients lack repeated GDS readings. No
model was retrained for this analysis.

Results on the crossing subset. Table 24 reports
AUROC on the 209 crossing samples. Dementia-
R1 leads all nine baselines, and the gap over the di-
rect Stage 1 ablation (−7.35) is substantially wider
than on the full test set, indicating that Cold-Start
pre-training is what allows the model to weigh a
transient fluctuation against the surrounding trajec-
tory rather than reacting to the most recent value.

Case studies. To characterize how the models
differ, we examine three crossing patients (seed 1),
comparing Dementia-R1 against Qwen2.5-32B-
Instruct (the comparator used in the neurologist
evaluation, Sec. 4.7) and against GRPO w/o Stage 1
(which isolates the effect of Stage 1). We report
the predicted probability p of dementia.

• Case A — transient spike (gold = 0; GDS
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Table 24: AMC Crossing Subset (n=209). AUROC
(mean ± std over 5 seeds) on patients whose GDS tra-
jectory crosses the dementia cutoff, i.e. whose visits
carry contradictory signals.

Model Size AUROC ∆ vs. Ours

Dementia-R1 (Ours) 7B 77.72 ± 1.11 —

GRPO w/o Stage 1 7B 70.37 ± 0.79 −7.35
SFT → GRPO 7B 66.34 ± 4.29 −11.38
SFT → SFT 7B 64.79 ± 3.58 −12.93

Qwen2.5-7B-Instruct 7B 68.50 ± 4.22 −9.22
Qwen2.5-32B-Instruct 32B 71.53 ± 2.84 −6.19
Qwen2.5-72B-Instruct 72B 74.10 ± 1.93 −3.62
Llama-3.3-70B-Instruct 70B 71.79 ± 1.09 −5.93

HuatuoGPT-o1 (medical) 8B 59.17 ± 1.70 −18.55
MedGemma (medical) 27B 56.24 ± 3.59 −21.48

3 → 4 → 3). Dementia-R1 correctly dis-
counts the spike (p=0.001) by integrating
spouse-reported memory improvement with
a sustained MMSE, whereas Qwen2.5-32B
(p=1.000) and GRPO w/o Stage 1 (p=0.989)
both over-call on the single elevated reading.

• Case B — alternation (gold = 0; GDS al-
ternating between 3 and 4). Dementia-R1
(p=0.000) anchors on a K-MMSE of 27,
above the impairment threshold, and attributes
the fluctuation to severe depression; both base-
lines over-call (p ≈ 1.000).

• Case C — apparent recovery (gold = 1; GDS
3 → 4 → 3, with a vascular dementia di-
agnosis). Dementia-R1 (p=0.924) integrates
the vascular dementia diagnosis with the sur-
rounding multimodal evidence, while GRPO
w/o Stage 1 (p=0.001) produces a false nega-
tive by anchoring on an isolated “MMSE 24,
normal” mention.

Across all three patterns — spike, alternation,
and apparent recovery — Dementia-R1 integrates
non-monotonic cues rather than following the most
recent index value, and Case C attributes this behav-
ior specifically to Stage 1 Cold-Start pre-training.

A.15 LLM Extraction Quality Audit
To validate the fidelity of the LLM-based extraction
pipeline used for constructing verifiable rewards
(Sec. 3.1), we conducted a human expert audit in
two rounds.

Initial audit (200 notes / 600 slots). A clinician
independently reviewed 200 randomly sampled
clinical notes, verifying the extracted values for all
three target indices (MMSE, GDS, CDR), yielding

600 slot-level comparisons. Table 25 summarizes
the results. The overall slot-level accuracy was
98.5%, confirming that the extracted rewards are
high-fidelity and sufficient for robust RL optimiza-
tion.

Table 25: LLM Extraction Audit Results (Initial).
Slot-level accuracy of the Qwen2.5-14B-Instruct extrac-
tor on 200 randomly sampled clinical notes (600 total
slots).

Clinical Index Slots Accuracy (%)

MMSE 200 97.5
GDS 200 98.5
CDR 200 99.5

Overall 600 98.5

Expanded audit (600 notes). To verify that this
estimate is not an artifact of the sample size, we
expanded the audit to 600 clinical notes, auditing
200 independently sampled notes per clinical in-
dex. The aggregate slot-level accuracy was 98.17%
(589/600 correct, 11 errors), consistent with the
initial estimate. Per-index results are reported in
Table 26.

Table 26: LLM Extraction Audit Results (Expanded).
Per-index accuracy of the Qwen2.5-14B-Instruct extrac-
tor over 600 audited clinical notes (200 per index).

Clinical Index Notes Correct Errors Accuracy (%)

MMSE 200 194 6 97.00
GDS 200 196 4 98.00
CDR 200 199 1 99.50

Total 600 589 11 98.17

Error type breakdown. We categorized the 11
errors observed in the expanded audit (Table 27).
All are case-level and random rather than system-
atic; we observed no directional bias that could be
amplified during RL training.

Representative failure modes. From the ini-
tial audit we identified three representative failure
modes among the nine misextracted slots:

1. Scale confusion. The extractor misidentified
a Barthel Index score as the GDS value when
both appeared in close proximity within the
“Objective” section (e.g., “CDR 0.5 (3) / GDS
4 / Barthel Index 14/20 / S-IADL 11/45”).

2. Temporal misattribution. When clinical in-
dices and laboratory results from different
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Table 27: Error Type Breakdown (Expanded Audit).
The 11 extraction errors are case-level random errors
rather than a systematic, directional bias.

Error type Count Description

Fabrication 3 A value is extracted al-
though only the index
keyword appears in the
note.

False negative 4 The value is missed be-
cause it falls outside
the extraction boundary
window.

Misattribution 4 An overloaded abbre-
viation is resolved to
the wrong scale (e.g.,
“GDS” as Geriatric De-
pression Scale rather
than Global Deteriora-
tion Scale).

Total 11

dates co-occurred in the same note, the ex-
tractor assigned a value to the wrong visit
date. For instance, “2021/11/23 MMSE 12
CDR 0.5” was erroneously attributed to a sub-
sequent lab date (2022-04-05) listed immedi-
ately below.

3. Contextual misparse. In notes where the
“MMSE :” field was followed by detailed neu-
rological examination subscores (e.g., “phone-
mic 8 / 30 secs”) rather than a total score,
the extractor incorrectly inferred MMSE = 30
from the denominator notation.

These errors were rare (1.83% of slots in the ex-
panded audit) and predominantly affected MMSE
extraction, which operates on the finest-grained
scale. The tolerance-aware reward (δ = ±2 for
MMSE) further mitigates the impact of such bound-
ary errors during RL training. Appendix A.16 ad-
ditionally shows that the downstream prognosis is
insensitive to extraction noise far exceeding this
observed error rate.

A.16 Robustness to Extraction Noise

Because Stage 1 rewards are produced by an auxil-
iary extractor, a natural concern is that extraction
errors could cascade into and be amplified by RL
training. We test this directly with a noise-injection
stress test.

Setup. On a 1,000-sample subset, we corrupted
the Stage 1 clinical indices for 30%, 50%, and 70%
of samples. Each injected error was placed above

the reward tolerance margin of the corresponding
scale, so that the corrupted label is guaranteed to be
treated as incorrect by Rcold (Eq. 1). We then re-ran
Stage 1 GRPO for each noise level and fine-tuned
Stage 2 with identical hyperparameters.

Downstream performance is essentially unaf-
fected. As shown in Table 28, the final dementia
AUROC stays within ±0.5 percentage points of the
noise-free baseline even when 70% of the Stage 1
labels are corrupted beyond tolerance.

Table 28: Downstream Robustness to Stage 1 Ex-
traction Noise. Best dementia AUROC after injecting
above-tolerance noise into the Stage 1 clinical indices.

Injected noise Best dementia AUROC ∆ vs. 0%

0% 0.7945 —
30% 0.7926 −0.19 pp
50% 0.7929 −0.16 pp
70% 0.7902 −0.43 pp

Mechanism: noisy samples are filtered, not
learned. GRPO standardizes rewards within each
prompt’s group of G completions, Ai = (ri −
r̄)/σr (Eq. 3). A corrupted label is typically im-
plausible given the patient’s longitudinal record, so
the model’s prior steers most of the G completions
away from it. When all G completions miss the cor-
rupted target, every reward is 0, hence ri − r̄ = 0
and Ai = 0 for all i: the gradient contribution
of that prompt vanishes and the sample is effec-
tively dropped rather than learned. Table 29 pro-
vides direct evidence: as the injected noise grows,
the mean training reward falls while the fraction
of auto-filtered (zero-gradient) prompts rises by
roughly 13 percentage points.

Table 29: Automatic Filtering of Noisy Prompts un-
der GRPO. As noise increases, more prompts collapse
to a zero advantage and contribute no gradient.

Injected noise Mean training reward Zero-gradient prompts

0% 0.268 0.712
30% 0.198 0.770
50% 0.152 0.823
70% 0.116 0.840

Practical significance. The measured slot-level
error rate of our extractor is 1.83% (Ap-
pendix A.15), roughly 38× smaller than the 70%
stress level at which the downstream AUROC still
degrades by less than half a point. Cascading ex-
traction error is therefore negligible in practice.
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Method versus extractor. A related question is
how much of the reported gain comes from the
method rather than from a strong extractor. The
same Qwen2.5-14B-Instruct extractor supplies the
clinical indices for all specialized baselines in Ta-
bles 1–3 (SFT and GRPO w/o Stage 1, SFT → SFT,
SFT → GRPO). With the extractor held constant,
Dementia-R1 still outperforms the strongest 7B
baseline (SFT → GRPO) by +6.27 AUROC on
AMC (84.02 vs. 77.75) and +3.62 on HPH (78.37
vs. 74.75), isolating the gain to the training frame-
work rather than to the extraction pipeline.

A.17 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
Bfloat16 precision with a 2,000-token completion
limit.

A.18 Pretraining Target Ablation (Figures)
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Figure 14: Clinical Index Distribution (AMC Test
Set). Number of MMSE, GDS, and CDR measurements
per patient. CDR annotations are substantially sparser
than MMSE and GDS.

Table 30: Pretraining Target Ablation. Overall AU-
ROC (%) when Stage 1 uses individual vs. combined
targets. Best per cohort in bold.

Target AMC HPH

All (combined) 79.68 70.76
MMSE 78.82 69.95
GDS 81.03 70.88
CDR 78.88 –
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Figure 15: Temporal Density Ablation. Overall AU-
ROC at varying measurement density levels across three
cohorts. (a) AMC: 0/50/100%; (b) HPH: 0/100%;
(c) ADNI: 25/50/75/100%. Performance degrades
monotonically with reduced density.

A.19 Human evaluation protocol

To assess the clinical quality of reasoning, we
conducted a blinded human evaluation with med-
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 across two
cohorts (AMC and HPH), yielding 100 total judg-
ment pairs. Judgments were collected indepen-
dently for the following five 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?

2. 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?

3. 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?
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4. 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?

5. 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?
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Longitudinal Clinical Note Input (AMC)

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 [50mg] 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/1.73m2

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 [50mg] 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 NPI 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/1.73m2

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 [50mg] 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 16: 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 17: A comparison of the reasoning processes generated by Dementia-R1 and the Qwen2.5-32B for the
clinical case shown in Figure 16. While Dementia-R1 produces a structured and grounded rationale, the baseline
generates a dense narrative containing medical hallucinations.
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Longitudinal Clinical Note Input (HPH)

=== Initial notes ===
2019-11-05: Department[Neurology] BP(S)[*] BP(D)[86] Hb[15.3] PLT[254] AST[28] ALT[27] Glucose[81] Chief complaint[Left leg tremor onset
2 months ago] Pain presence[None] Current disease status[left finger tapping: decreased left foot tapping: decreased left side rigidity left resting
tremor on foot Parkinson’s dz Tremor dominant HY 1] Medical history[Hypertension] Medical history[Diabetes] Medical history[Hyperlipidemia]
Diagnosis[Parkinson’s disease] Treatment plan[FP CIT PET]
=== Follow-up notes ===
2019-11-20: Department[Neurology] S[] O[Explained FP CIT PET scan] A[Parkinson’s disease Tremor dominant HY 1] P[repeat initial Parkinson’s
disease]
2019-12-04: S[Feeling nauseous after taking medication.] O[150/81 finger tapping: intact gait: normal – “on” state] A[Parkinson’s disease HY stage 1
S/E madopar - vomiting] P[repeat]
2020-01-15: S[Body shakes 2–3 times a day.] O[136/89 bradykinesia (+) gait: normal] P[repeat next follow-up to confirm tremor]
2020-03-11: S[Shaking intermittently.] O[mild finger tapping decreased overall bradykinesia 123/75] A[Parkinson’s disease HY stage 1 S/E madopar -
vomiting] P[tepra increase trihexine increase]
2020-06-03: S[Shaking in legs due to lack of movement.] O[135/75 left foot tremor at rest, finger tapping: equivocal shuffling gait] A[Parkinson’s disease
HY stage 1 S/E madopar - vomiting] P[Increase madopar 100-50-100 trihexine increase explained side effects]
2020-07-01: S[Body feels a little less stiff, right leg shakes] O[127/72 right foot tremor at rest (+) gait: normal] A[Parkinson’s disease HY stage 1]
P[repeat]
2020-08-26: S[Leg shakes, dizzy.] O[128/69 bradykinesia (-) right foot tremor - no change] A[Parkinson’s disease HY stage 1] P[tepra → indenol change]
2020-11-16: S[Shaking in arms and legs is difficult. Intermittent headaches. Feeling suicidal.] O[116/70] A[Parkinson’s disease HY stage 1] P[trihexine
additional ssri additional increase madopar if necessary psychiatry consultation]
2020-12-07: S[Shaking intermittently. Memory is very poor.] O[126/74 Bradykinesia (-/-) tremor (-)] A[Parkinson’s disease HY stage 1] P[trihexine
decrease psychiatry consultation discontinue depression medication]
2021-02-01: S[Memory decline is severe. Crying a lot, too scared to see psychiatry, mmse=28] O[119/64] P[psychiatry consultation absolutely necessary]
2021-03-09: S[Psychiatry consultation made me feel a little better.] O[left side bradykinesia (+) 132/68] A[Parkinson’s disease HY stage 1] P[add azilect]
2021-05-06: S[medication only] O[140/78 bradykinesia (+) resting tremor on left hand] A[Parkinson’s disease HY stage 1] P[prescribe amantadine]
2021-06-28: S[feeling tired and having difficulty working in the restaurant.] O[122/63 mild bradykinesia gait: mild slow] A[Parkinson’s disease HY stage
1 S/E xanax - somnolence] P[discontinue xanax]
2021-08-23: S[feeling sleepy.] O[131/76] A[Parkinson’s disease HY stage 1] P[repeat]
2021-12-07: A[Parkinson’s disease HY stage 1] P[diagnosis letter]
2022-02-07: S[feeling tremors.] O[140/70 left side bradykinesia (+)] A[Parkinson’s disease HY stage 1] P[add trihexyphenidyl]
2022-04-04: S[significant memory decline. Short-term memory decline] O[137/71] A[Parkinson’s disease HY stage 1] P[discontinue trihexyphenidyl
(memory decline) mmse]
2022-05-30: S[back pain, leg pain. Left leg pain - orthopedic] O[164/90] A[Parkinson’s disease HY stage 1] P[adjust to bid, follow up with orthopedic]
2022-09-26: S[back pain fluctuates, antalgic gait, memory decline affecting work] O[139/81] A[Parkinson’s disease HY stage 1] P[repeat, check for
dementia symptoms]
2023-02-20: S[severe depression, significant blood pressure fluctuations] O[132/61] P[add trihexyphenidyl, add lexapro, ANS function test at next
follow-up]
2023-05-08: S[feeling tremors, having difficult thoughts due to depression] P[increase lexapro, increase trihexyphenidyl]
2023-06-26: S[Feels like blood is gushing in the head. Sensory symptom on the right parietal area. Feels heavy. Poor memory.] O[110/63] A[Parkinson’s
disease HY stage 1] P[REPEAT New sensory symptom BRAIN MRI]
2023-08-21: S[Feels like head is flowing. Lower back pain. Dragging the feet. Memory decline.] O[mri results explained] A[Parkinson’s disease HY
stage 1] P[Etivil Buspar prescribed MMSE prescribed]
=== Autonomic nervous system tests ===
2019-11-28: Blood pressure fluctuation [Abnormal] Valsalva ratio [Abnormal] Conclusion [Adrenergic and cardiovagal dysfunction. No orthostatic
hypotension. CASS Cardiovagal score - 1 Adrenergic score - 2] Head-up tilt table test [Normal HUT]
2023-05-08: Blood pressure fluctuation [Abnormal] Valsalva ratio [Abnormal] Conclusion [Adrenergic and cardiovagal dysfunction. No orthostatic
hypotension.] Head-up tilt table test [Normal HUT]
=== K-MMSE records ===
2019-11-28: 27 2021-02-01: 28 2022-05-30: 29
=== GDS records ===
2019-11-28: 2 2021-02-01: 2 2022-05-30: 2
=== Brain MRI ===
2019-11-20: Absence of septum pellucidum. Probable small vessel disease.
=== PER-CT ===
2019-11-05: Decreased FP-CIT uptake in dorsal posterior putamen (Rt.≪Lt.), probable Parkinson’s disease.
=== Gait analysis ===
2019-11-20: The Cadence is within normal range. The Double Support is within normal range. The Single Support is within normal range. The Step
Length is more symmetrical than average. The Step Time is within normal range. The Stride Length is within normal range. The Stride Time is more
symmetrical than average. The Walking Speed is within normal range.
=== Motor symptom description ===
Speech is normal. Facial expression is slightly impaired. Rest tremor is normal in the face and chin. Rest tremor is normal in the right arm. Rest tremor is
normal in the left arm. Rest tremor is normal in the right leg. Rest tremor is slightly impaired in the left leg. Action tremor is normal in the right arm.
Action tremor is normal in the left arm. Stiffness is normal in the neck. Stiffness is normal in the right arm. Stiffness is normal in the left arm. Stiffness is
normal in the right leg. Stiffness is normal in the left leg. Right finger tapping is normal. Left finger tapping is slightly impaired. Right hand movement is
normal. Left hand movement is normal. Rapid right hand movement is normal. Rapid left hand movement is mildly impaired. Left foot tapping is slightly
impaired. Right foot tapping is normal. Rising from chair is normal. Standing ability is slightly impaired. Gait is normal. Postural stability is slightly
impaired. Movement speed is normal.

Figure 18: Example of longitudinal clinical notes from the HPH cohort for PDD prediction. Unlike the AMC
cohort’s SOAP-format notes, HPH records consist of structured fields (S/O/A/P) combined with separate clinical
index records, autonomic tests, neuroimaging, gait analysis, and motor symptom descriptions. To protect patient
privacy, all personal identifiers were removed, and dates were randomly shifted.
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Qualitative Comparison of Longitudinal Reasoning for 6–12 Month PDD Prognosis (HPH)

[Dementia-R1 output]
1. Cognitive Assessments:
- MMSE Score: 2019-11-28: 27; 2021-02-01: 28; 2022-05-30: 29
- GDS Score: 2019-11-28: 2; 2021-02-01: 2; 2022-05-30: 2

2. Cognitive Decline Indicators:
- The MMSE scores are relatively stable and within the normal range (27–29), which suggests no significant cognitive
decline.
- The GDS scores are consistently at 2, indicating very mild cognitive decline.

3. Functional Assessments:
- Gait Analysis: The gait analysis shows that the patient’s gait is normal, and there are no significant impairments noted.
- Motor Symptoms: The patient’s motor symptoms are generally stable, with some minor impairments noted, primarily
in the left leg and hand.

4. Other Clinical Indicators:
- The patient has experienced some memory decline, but the memory decline is not severe, and the patient’s overall
cognitive function remains within a normal range.
- The patient has also experienced some psychological issues, including depression and suicidal thoughts, which could
be contributing to the perception of cognitive decline.

5. Conclusion: Given the stable MMSE scores (27–29) and the consistent GDS scores (2), the patient does
not show significant cognitive decline. The minor motor and gait impairments are not severe enough to suggest a
diagnosis of PDD at this time.

Answer: 0

[QWEN 2.5 32B output]
The patient has a history of Parkinson’s disease (PD) and has been followed over several years. The notes indicate that
the patient has experienced tremors, bradykinesia, and other motor symptoms typical of PD. Additionally, the patient
has reported memory decline and cognitive changes.

1. Cognitive Assessments: MMSE scores have been relatively stable over time: 27 in 2019, 28 in 2021,
and 29 in 2022. These scores are within the range of mild cognitive impairment but not severely impaired. GDS scores
have consistently been 2, indicating very mild cognitive decline.

2. Motor Symptoms: The patient has had tremors and bradykinesia. The HY stage has remained at 1, indi-
cating mild motor impairment. Gait analysis shows normal walking speed and cadence.

3. ANS Tests: The ANS tests have shown adrenergic and cardiovagal dysfunction, which can be associated
with PD but are not specific indicators of dementia.

4. Recent Notes: Recent notes (e.g., 2023) indicate significant memory decline and difficulty with work.
However, the MMSE score of 29 and GDS score of 2 still indicate only very mild cognitive impairment.

Given that the cognitive assessments have not shown severe cognitive impairment, the patient is unlikely to
have developed PDD yet. However, the recent memory decline and cognitive symptoms warrant further monitoring.

Answer: 0

Figure 19: A comparison of the reasoning processes generated by Dementia-R1 and Qwen2.5-32B for the HPH
clinical case shown in Figure 18. Both models correctly predict non-progression to PDD, but Dementia-R1 provides
a more structured analysis that systematically separates cognitive, functional, and motor assessments, while the
baseline produces a less organized narrative.
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A.20 Prompt Templates
Stage 1 (Cold-Start Pre-training). Figures 20
and 21 present the prompt templates for the AMC
and ADNI pre-training tasks, respectively. In this
stage, the model is trained to predict verifiable inter-
mediate clinical indices (e.g., MMSE/GDS/CDR)
extracted from unstructured notes or structured
records. All templates enforce a unified <think> /
<answer> format, enabling reliable parsing of the
predicted value for training.

Stage 2 (Task Fine-tuning). Figures 22, 23,
and 24 present the prompt templates for the cohort-
specific downstream tasks of dementia prognosis
on AMC, Parkinson’s disease dementia (PDD) pre-
diction on HPH, 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 longitudi-
nal evidence across the provided history.

Other prompts and reuse across settings. Fig-
ure 25 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.
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Pre-training Task: AMC (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 20: Pre-training prompt template for the AMC 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 ϵ4 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: 0.5, LDELTOTAL: 12, ...
—–(Longitudinal history continues)—–
(Prediction target: MMSE score at the next visit)

Figure 21: 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.

370



Fine-tuning Task: AMC (Dementia Prognosis)

[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{0 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 0 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 22: Fine-tuning prompt template for the AMC dataset. The task requires detecting dementia presence based
on unstructured clinical notes and integrated scoring indicators.

Fine-tuning Task: HPH (PDD Prediction)

[System Prompt]
A conversation between a User and an Assistant. The User provides longitudinal clinical notes and metadata describing
a patient’s condition. The clinical notes may contain standardized cognitive and functional assessment information.
When present, these indicators should be interpreted as follows:
Scoring Indicators Glossary:
- MMSE (Total Score): Integer from 0 to 30. Higher = better cognitive function; Lower = more impairment.
- GDS (Global Deterioration Scale): 1 (No decline) to 7 (Very severe cognitive decline). Higher = worse.
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 the patient’s last clinical
assessment. The interval between the last assessment date and the most recent available note is: <TIME_INTERVAL>
(e.g., ≥24m).
Task: Predict whether the patient diagnosed with Parkinson’s disease will develop Parkinson’s disease dementia (PDD)
(0: unlikely, 1: likely).
Format: Output step-by-step reasoning in <think> tags, justifying the decision using relevant clinical indicators (e.g.,
MMSE score, GDS, gait metrics, postural instability), and the final answer in \boxed{0 or 1} within <answer> tags.

=== Clinical notes (EN) ===
<CLINICAL_NOTE>

Figure 23: Fine-tuning prompt template for the HPH dataset. The task requires predicting Parkinson’s disease
dementia (PDD) progression based on longitudinal clinical notes including cognitive assessments, motor symptoms,
and gait analysis.
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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{0 or 1} within <answer>
tags.

Variable Glossary:
- PTEDUCAT/APOE4: Education years / Number of APOE ϵ4 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: 0.5, ADAS13: 14.0, MMSE: 28, FAQ: 0, Hippocampus: 6521, ...
—–(Longitudinal history continues)—–

Figure 24: Fine-tuning prompt template for the ADNI dataset. The model predicts MCI-to-dementia conversion
using longitudinal trends of clinical indices and biomarkers.

Diagnostic Rationale Generation

[System Prompt]
You are an AI 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 25: Prompt template for generating diagnostic rationales for Supervised Fine-Tuning.
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