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Abstract



Summary

Current machine learning (ML) models for Alzheimer's disease (AD) prediction are often
constrained by binary outcome targets, limited integration of multimodal data, and poor
generalizability across diverse populations. These issues are compounded by the often black-box
nature of ML predictions. In contrast, large language models (LLMs) offer a promising alternative
due to their ability to process heterogeneous, longitudinal, and unstructured textual data providing
textual justification for supporting clinician’s decision-making. In this study, we developed an
enhanced LLM fine-tuned on multimodal datasets to predict key AD pathology markers and
cognitive decline trajectories.

Methods

We trained ADLLM, an enhanced LLM based on LLaMA 3-1, an open-source pre-trained LLM
released by META, fine-tuned using Low-Rank Adaptation (LoRA) on serialized cross-sectional
and longitudinal data from three diverse aging and dementia cohorts: ADNI, HABS-HD, and U.S.
POINTER, using a fourth external cohort (A4) for validation. Multimodal predictors were used
including demographics, neuroimaging and fluid biomarkers, clinical assessments, and additional
health-related covariates. Outcomes were PET-derived burden of amyloid-beta (Af) and AD tau in
all cohorts, and rate of cognitive decline in ADNI and HABS-HD. Inputs were converted to a text
prompt, allowing the model to capture relationships across modalities and predict composite
outcomes. Performance was evaluated using multi-class AUC, accuracy, and specificity, based on
the predicted probabilities generated by ADLLM, with the predicted category assigned to the one
with the highest probability. We used multiple methods for LLM interpretation quantifying the
importance of variable groups across cohorts.

Findings

ADLLM consistently outperformed both zero-shot LLMs and gradient boosting (GB) models
across internal and external validation datasets. For AP burden prediction, ADLLM achieved four-
class AUCs of 0-825 (ADNI), 0-773 (HABS-HD), 0-702 (U.S. POINTER), and 0-:610 (A4). For
meta-tau burden, ADLLM exceeded GB in AUC across all datasets and demonstrated superior
accuracy and specificity. In predicting cognitive decline, ADLLM achieved AUCs of 0-806
(ADNI) and 0-816 (HABS-HD), significantly outperforming GB and zero-shot baselines.
ADLLM's attention scores aligned with variable importance rankings from GB models,
highlighting shared influential features, covering genetic, MRI structural variation, and diagnostic
variables, with the incorporation of fluid biomarkers further improving predictive performance.

Interpretation

ADLLM represents a promising approach for Al-guided AD prediction, demonstrating strong
generalizability and competitive performance compared with traditional ML models. ADLLM can
predict composite outcomes by processing multimodal inputs, capturing longitudinal patterns, and
providing interpretable attention-based variable importance. The model consistently performed
well across cohorts and outcome tasks. Moreover, model-generated explanations and post-hoc
analyses provide preliminary insights into model behavior, emphasizing its potential as a scalable
and clinically relevant tool for AD diagnosis and progression monitoring.

INTRODUCTION



Alzheimer’s disease (AD) is a progressive neurodegenerative disorder that affects millions
globally, placing a significant burden on individuals and healthcare systems'>. The canonical AD
pathological cascade suggests that amyloid-beta (Af) accumulation initiates the disease process,
accelerating tau deposition ultimately impacting cognitive function®. However, this progression
varies significantly across patients, leading to heterogeneity in disease patterns. Early and accurate
predictions of clinical progression and AD that account for individual-level heterogeneity could
improve diagnosis and precision treatment. 7'

Significant efforts have been dedicated to developing supervised machine learning (ML) models
for AD prediction tasks, such as AP positivity,'"'? tau PET burden,” and MCI-to-dementia
conversion.'"'® Nonetheless, most published models focus on a single binary endpoint, rely on
baseline snapshots rather than longitudinal trajectories, lack multimodal integration, and, crucially,
seldom undergo rigorous external validation. These limitations hinder generalizability and,
consequently, reduce clinical utility.

Large language models (LLMs) provide a unifying framework that can overcome these barriers.
By casting heterogeneous inputs into a unified natural language representation, LLMs can capture
cross-modal dependencies between structured variables (genetics, demographics, laboratory
values), unstructured clinical notes, and free-text neuroimaging reports that conventional pipelines
struggle to exploit,'”?°. Recent studies using zero-shot prompting have explored foundational
LLMs for several AD-related tasks, including predicting AD onset, estimating AD risk, and
answering AD-related clinical questions based on speech recordings and transcripts, ' electronic
health records (EHRs),”2® tabular data,” and AD literature knowledge graph.*® However, without
fine-tuning, the closed-source nature of the models coupled with opaque dynamics of only relying
on prompting hinders interpretability, limits accessibility, and complicates on-premise deployment
in protected-health-information environments.

Domain-specific open-weight LLMs alleviate these concerns and confer two additional
advantages. First, their parameters are inspectable, enabling the use of attention heatmaps®' and
other modern interpretability techniques to reveal which features contribute to the model’s
predictions. Such transparency is important for regulatory approval, clinician trust, and hypothesis
generation. Second, open-weight models can be distilled or LoRA-adapted to run on secure,
locally-maintained machines, democratizing access for smaller research groups, low-resource
clinics, and privacy-sensitive settings where data must remain on-premise.*'

Here we introduce ADLLM, the first enhanced (or fine-tuned) LLM specifically designed to
predict AD progression and forecast cognitive decline using multimodal data. ADLLM was built
using Low-Rank Adaptation (LoRA)* on pre-trained LLaMA 3-1 released by METAY to
efficiently adapt the pre-trained LLM for domain-specific AD predictions while preserving its
original pre-training knowledge base, broad reasoning capabilities, and contextual understanding.
To fine-tune and validate the model, we used large-scale publicly available datasets from the



Alzheimer’s Disease Neuroimaging Initiative*' (ADNI), Health and Aging Brain Study: Health
Disparities (HABS-HD), U.S. study to Protect Brain Health through Lifestyle Intervention to
Reduce Risk (U.S. POINTER), and the initial cross-sectional screening data from the Anti-
Amyloid Treatment in Asymptomatic Alzheimer’s (A4). We curated a diverse set of subject-level
predictors including, genetics, demographics, structural MRI measures, biofluids, and other health
measures the ADLLM is trained to predict AP and tau PET burden, and cognitive decline measured
by MMSE score change rate (Figure 1).

To our knowledge, this is the first study to develop an enhanced LLM specifically designed to
support both the prediction of AD biomarkers and forecasting of cognitive decline using
multimodal data. Our results demonstrate that ADLLM outperforms zero-shot LLM and traditional
ML models in multi-class AUC, accuracy, and specificity across internal hold-out validation
datasets and the external validation cohort.

METHODS
Methods for developing the enhanced LLM

Data sources

The model was trained and validated on four multimodal datasets with imaging: ADNI (2601
participants), a longitudinal, multi-center study investigating late onset AD; HABS-HD (3229
participants), a longitudinal study of AD among racially and ethnically diverse communities; and
baseline data from the U.S. POINTER imaging study (POINTER, 937 participants®), a clinical
trial to compare the relative impact of two multidomain lifestyle interventions that differ in
intensity and accountability on cognitive function in older adults at increased risk for cognitive
decline.*® The baseline data from the A4 clinical trial served as the external validation dataset for
the enhanced model. As tau and A PET were required for validation, the A4 sample primarily
consisted of participants with elevated AB, with a much smaller proportion from the non-elevated
AP group. Pooling across the four cohorts, there was a range of clinical diagnoses with the majority
of subjects clinically unimpaired (Table 1).

Participants in these cohorts have extensive information, such as demographics,
neuropsychological assessment, fluid biomarkers (i.e., blood or cerebrospinal fluid), and other
health data (e.g. comorbidities). The datasets used for model formulation are well suited for
developing ADLLM as they are collected from diverse populations, each contributing unique
characteristics. In particular, ADNI consists of an older, predominantly white, and highly educated
population with fewer comorbidities, and extensive clinical and PET imaging follow-up. The

1*Data used in preparation of this article were obtained from the Alzheimer’s Disease
Neuroimaging Initiative (ADNI) database (adni.loni.usc.edu). As such, the investigators within
the ADNI contributed to the design and implementation of ADNI and/or provided data but did
not participate in analysis or writing of this report. A complete listing of ADNI investigators can
be found at:

http://adni.loni.usc.edu/wp-content/uploads/how to apply/ADNI_Acknowledgement List.pdf



HABS-HD study involves a relatively younger population that is mainly cognitively normal, with
some comorbidities, racially diverse participants, and some clinical and PET imaging follow-up.
The POINTER study includes fewer clinically impaired individuals, many with cardiovascular
comorbidities; our analyses are restricted to its baseline data. These datasets provide a wide
spectrum of demographic, health, and imaging variations essential for LLM model development.
By pooling data from these diverse datasets, we mitigated the sampling biases inherent in a single
cohort, leading to an enhanced ADLLM that produces credible outcome predictions across diverse
populations and disease contexts. Finally, we use the A4 study as an out-of-sample validation set.
The A4 sample we include has tau PET imaging, is cognitively normal, predominantly white, and
highly educated, and consists mainly of A positive individuals.

A4 was chosen as the external validation cohort because it is fully independent of model
development and includes both amyloid and tau PET, enabling external evaluation of biomarker
prediction in a clinically distinct, preclinical AD-enriched sample. Although A4 is narrower
demographically and clinically than an ideal real-world validation cohort, it provides a stringent
test of transportability to a cognitively normal but amyloid-enriched population.

To further clarify cohort composition and outcome distributions, we additionally examined
outcome class balance at the participant level for each prediction task. There was substantial class
imbalance in several cohorts. In the HABS-HD cohort the majority of participants fell into the
negative AP category, whereas the A4 cohort contained a much higher proportion of AB-positive
individuals by study design. Similarly, the distribution of meta-temporal tau burden and MMSE
change rate varied across cohorts, reflecting differences in recruitment criteria and disease stage
representation. Table 1 summarizes key covariates and outcomes in each cohort.

Predictors

The predictors (Figure 1) were categorized into thirteen groups: genetic information (APOE 2 and
APOE 4 status), family history of AD, demographics, vital signs, cognitive performance, physical
performance measures, MRI-derived cortical thickness and volumetric measures, cerebrospinal
fluid (CSF) biomarker, blood biomarkers, additional disease burden (e.g., coexisting chronic
diseases such as cardiovascular disease, cancer, depression, etc.), medication use, and cognitive
diagnosis (Supplementary Table 1). Several predictors were longitudinally measured across visits,
including cognitive performance, physical performance, MRI-derived measures, and biomarker
data.

Composite outcomes including Af PET, tau PET, and rate of cognitive decline

PET Imaging: Ap PET

Each study collected A PET to determine cortical AR burden. Within each cohort, Ap PET
imaging was transformed into the centiloid scale (CL) using cohort-specific pipelines
(Supplementary Methods: Amyloid-beta (AB) PET processing). Ap CL was discretized into 4 bins
(Negative Ap CL<20; Weakly positive 20< A CL<40; Positive 40 < AB CL< 60; Strongly
positive 60< AB CL). The Centiloid intervals were chosen as pragmatic ordinal categories intended
to distinguish amyloid-negative, early elevated, intermediate elevated, and strongly elevated
amyloid burden. The 20-centiloid cutoff is broadly consistent with prior work *’*° using Centiloids
to identify amyloid positivity, whereas the higher intervals were chosen to retain severity gradation
beyond a binary classification framework. We therefore view these bins as clinically motivated
categorization thresholds rather than universally established disease-stage boundaries.



PET Imaging: tau PET

Each study collected tau PET imaging which was used to define AD tau burden extracted from the
meta-temporal region of interest. Within each cohort, tau PET imaging was transformed into a
Standardized Uptake Value Ratio (SUVR) image using inferior cerebellar grey matter as a
reference region (Supplementary Methods: Tau PET processing). Tau SUVR in meta-temporal
ROIs was later normalized by the mean and standard deviation of cognitively normal A negative
participants in each cohort (Supplementary Methods: Tau SUVR normalization) and discretized
into four categories using cohort-specific thresholds derived from the distribution of normalized
SUVR values (Very low normalized SUVR <-0-413; Low -0-413<normalized SUVR <0-194;
High 0-194< normalized SUVR < 1-034; Very high 1-:034< normalized SUVR).

Rate of cognitive decline: MMSE change rate

In studies with longitudinal cognitive assessment (ADNI and HABS-HD), we derived the rate of
cognitive change for each individual as the least squares fit of MMSE and time from baseline in
years (Supplementary Methods: MMSE change rate). We discretized the change rate (the fitted
coefficients of the least squares) into four categories based on quartile thresholds: Stable O<rate
(72%-100%); Slow decline -0-148<rate<0 (50%-72%); Moderate decline -0-767<rate<-0-148
(25%-50%); Fast decline rate<-0-767 (0%-25%).

Fixed formatting in prompt instruction

We converted predictors and outcomes into natural language by textual serialization
(Supplementary Table 2) and used fixed formatting and task-specific instructions to facilitate
ADLLM downstream validation, improve prediction consistency, and avoid hallucinations (Figure
1). Specifically, we used prompt instruction, “You are a specialist in diagnosing and forecasting the
disease progression for Alzheimer's disease participants. Your task is to predict the following for a
patient based on their medical records: the current amyloid beta (abeta) burden in the brain PET
scan, the current tau burden of the temporal meta regions of interest (ROIs) in the brain PET scan,
and Mini-Mental State Examination (MMSE) score change rate. Please provide the prediction in
this structured format: Abeta: Unknown or This patient abeta burden is [Negative/Weakly
positive/Positive/Clearly positive]. Meta tau: Unknown or This patient's Meta tau burden is [ Very
low/Low/High/Very high]. MMSE rate: Unknown or The MMSE is [Slow decline/Moderate
decline/Fast decline/Stable].” By constraining the model’s output to a predefined set of categorical
options, we transformed the language generation task to a multiple-choice classification problem.
This narrowed the token generation space, allowing us to extract token probabilities and interpret
them as the model’s confidence in each category. The token with the highest probability was
treated as the predicted category. The structured output enabled the use of standard multi-class
classification metrics such as accuracy, AUC, and specificity. To ensure consistency and
reproducibility, which is critical in clinical contexts, we employed deterministic decoding, setting
the temperature to 1.0 and disabling sampling. This ensured the model selected the most probable
token at each step. In contrast, less structured outputs that allow free-form generation require
alternative evaluation metrics such as perplexity.* However, perplexity is sensitive to domain-
specific vocabulary and tokenization, and often fails to reflect the clinical relevance or quality of
generated content. Thus, it is less suitable for healthcare applications. Details on token probability
extraction and decoding are in Supplementary Methods: Evaluation Metric Calculation Methods.

Enhance pre-trained LLM with fine-tuning
We used Low-Rank Adaptation (LoRA) to fine-tune a foundational LLM (LLaMA 3-1 with 8
billion parameters pre-trained on a mix of publicly available online data) for accurate prediction of



biomarker profiles and cognitive changes in AD. The model was fine-tuned using a training set
composed of records from ADNI (n=1878), HABS-HD (n=1872), and POINTER (n=749), with
the fixed prompt instruction as described above applied to LLaMA 3-1. Detailed implementation
of LoRA is provided in the Supplementary Material (Supplementary Methods: Model
enhancement pipeline).

Methods for evaluating, validating, and interpreting the enhanced LLMs

External and internal validation

In each of the serialized datasets from the ADNI, HABS-HD, and POINTER cohorts, 80% of
participants were randomly selected as the training dataset for LLM enhancement, while the
remaining 20% were used as the internal hold-out validation dataset. The A4 cohort with both A3
and tau PET served as the external validation set to assess the model’s generalization capability.
The A4 sample includes predominantly AP positive individuals who are cognitively normal,
representing a sample that is distinct from the training cohorts, with a much higher proportion of
asymptomatic AD participants.

Classical evaluation metrics

Benefiting from the fixed formatting prompt instruction, we extracted the generation probability of
each candidate class token and used these probabilities as prediction scores. Model performance
was evaluated using multi-class weighted AUC, accuracy, specificity, and sensitivity*'. To better
characterize performance under class imbalance, we additionally computed precision-recall curves
and area under the precision-recall curve (PR-AUC). The multi-class weighted AUC captures a
model’s ability to distinguish between classes, adjusting for class sample sizes to better reflect
performance in imbalanced datasets. To quantify its uncertainty, we added ‘[]’ in the reported
results to showcase the bootstrapped* (with 2000 bootstrap samples) weighted AUC with 95%
confidence interval. Accuracy measures the overall proportion of correct classifications across four
discrete categories (i.e., chance predictions are 0-25) for all three interested outcomes. Specificity
measures the proportion of true negatives that are correctly identified.

Clinical utility evaluation metric

We investigated whether incorporating the cerebrospinal fluid (CSF) or blood biomarkers related
to AP burden and tau burden (e.g. AP 40, AP 42, Phosphorylated tau 181 protein, total tau protein)
could improve ADLLM performance. As records in A4 and POINTER do not contain relevant
CSF/blood biomarkers information, we restricted the analysis to the subgroup of ADNI that
contains CSF biomarkers and HABS-HD, which contains blood biomarkers. We compared the
differences in ADLLM prediction results with and without the inclusion of CSF or blood
biomarkers. Additional results with only AD-related CSF or blood biomarkers are provided in
Supplementary Results: Additional results.

Correlation: converting discrete labels to continuous values

Since AP CL, normalized meta tau SUVR, and MMSE score change rates were discretized into
four bins, we investigated whether the token generation probabilities from ADLLM could
meaningfully recover these metrics in their original continuous form using the model-generated
probability for each ordinal category to transform the discrete prediction into a continuous variable
(Supplementary Methods: Converting discrete labels to continuous values and regression
analysis). To evaluate the model’s performance, we regressed the recovered values on the original
continuous values to derive Mean Square Error (MSE), and computed the correlation (Pearson’s)
between the recovered values and the original continuous values.



ADLLM interpretation

In LLMs, attention scores from self-attention layers can indicate which components of the input
data most strongly influence the model's predictions.” Visualizing attention scores could thus
potentially offer insights into ADLLM’s decision-making. To facilitate this, we grouped predictors
into thirteen categories and extracted attention scores for each group in output generation
(Supplementary Table 1). Details on calculating group attention scores are provided in the
Supplementary Material (Supplementary Methods: Attention scores visualization). Furthermore,
we directly prompted ADLLM to justify predictions, using the prompt “Provide your reasons for
the prediction.” to ask ADLLM to give specific reasons for its prediction.

Model comparison. zero-shot pre-trained LLM and Machine learning (ML)

As a baseline to demonstrate ADLLM's capabilities, we employed zero-shot predictions by
instructing LLaMA 3-1 to directly predict outcomes based solely on natural language descriptions
of predictors and outcomes without any fine-tuning. Furthermore, we used CatBoost** from
Python package ‘catboost’ as the baseline ML model for comparison with ADLLM.

RESULTS

AP burden

Using ADLLM and GB trained on 161 features taken from 13 non-PET imaging categories
(Supplementary Table 2) we performed a four-class classification of AP burden (Negative, Weakly
positive, Positive, and Clearly positive), observing good performance in hold-out data from the
ADNI, HABS-HD, and POINTER training cohorts. ADLLM demonstrated predictive
performance comparable to or higher than the zero-shot LLM and GB models across most cohorts
(Table 2). The highest performance was observed in the ADNI cohort, where ADLLM achieved
the strongest AUC, with similarly competitive performance in HABS-HD and POINTER. Overall,
discrimination for ADLLM was consistently higher than the zero-shot LLM and similar to or
slightly higher than GB across cohorts. Accuracy was broadly comparable between ADLLM and
the GB model, with small cohort-specific differences, but ADLLM demonstrated greater
specificity in its predictions (Table 2; Figure 2). Notably, ADLLM performed particularly well at
identifying the extreme categories—clearly positive and clearly negative AP burden (Figure 2B).

In the external validation A4 dataset, we observed similar predictive performance using ADLLM
compared to GB, and slightly higher discrimination than the zero-shot LLM (Table 2). Accuracy
remained modest across models, while specificity was similar across methods. Notably though,
when employed to screen out the AP positive candidates, ADLLM consistently identified more
true-positive candidates than GB in all investigated cohorts. Specifically, ADLLM identified
additional true positives in ADNI (55 more), HABS-HD (11 more), POINTER (2 more), and A4
(37 more). Transforming the discrete predictions back to original continuous values recovered
continuous variability, which correlated strongly with the raw Af CL (r= 0-584; Supplementary
Figure 1a).

Finally, to further evaluate model performance in biomarker-rich settings, we analyzed subsets of
the ADNI and HABS-HD cohorts with available fluid biomarkers. For ADNI, cerebrospinal fluid
(CSF) AP40, AP42, pTau-181, and total tau were available, whereas HABS-HD included plasma
measurements of the same markers. The inclusion of fluid biomarker information improved
classification of AP burden in all metrics in both cohorts (Supplementary Figure 2). In ADNI,



multi-class discrimination of levels of AP burden increased substantially (AUC 0.851 vs 0.760),
while in HABS-HD, improvements were more modest but consistent (AUC 0.861 vs 0.857)
(Supplementary Table 3).

Meta-tau burden

We used the composite-outcome trained ADLLM (i.e. same model that predicted A burden) and a
new GB model trained on the same 161 features to perform a four-class classification of meta
temporal -tau burden (Very low, Low, High, and Very high). We observed better performance of
ADLLM over GB in making hold-out predictions in the training cohorts with higher AUC,
accuracies, and specificity (Table 3). Similarly, within the external validation dataset, ADLLM
outperformed GB with higher AUC (A4 0-600 [0-564—0-635] vs. 0-505 [0-456 — 0-558] vs.
0-561[0-524-0-599]), accuracy (A4 0-284 vs. 0-173 vs. 0-277) and specificity (A4 0-789 vs. 0-832
vs. 0-752) (Figure 3). Moreover, converting the ADLLM predicted discrete labels back to the
original continuous predicted values resulted in positive correlation of r=0-543 with the ground
truth Meta-tau burden (Supplementary Figure 1b).

In subgroup analyses of participants with available fluid biomarkers, incorporation of CSF
biomarkers in ADNI resulted in modest improvement in four class prediction accuracy (0.467 vs.
0.336), with minimal change in AUC (0.707 vs. 0.700) and slightly lower specificity (0.803 vs.
0.830). In contrast, inclusion of plasma biomarkers in HABS-HD resulted in slightly lower
performance, with AUC decreasing from 0.602 to 0.575, accuracy from 0.422 to 0.411, and
specificity from 0.710 to 0.703 (Supplementary Table 4). These findings suggest that fluid
biomarkers provided limited added value for meta-temporal tau prediction, with modest benefit in
ADNI but not in HABS-HD.

MMSE score change rate

We used the composite-outcome trained ADLLM (i.e. same model that predicted A and meta
temporal tau burden) and a new GB model trained on the same 161 features to predict four-class
classifications of MMSE score change rates (Stable, Slow decline, Moderate decline, and Fast
decline). Across all evaluation metrics and in both hold-out validation cohorts, ADLLM
consistently outperformed both the zero-shot LLM and the GB model (Table 4Error: Reference
source not found). The strongest discrimination was observed in the HABS-HD cohort (AUC
0.883), with similarly strong performance in ADNI (AUC 0.806). Accuracy followed a similar
pattern, with ADLLM outperforming the comparison models in both datasets. ADLLM also
excelled in identifying individuals with fast MMSE decline, achieving high discriminative ability
in the ADNI dataset (AUC=0.90; Figure 4). These results indicate that the composite-outcome
trained ADLLM captures features predictive of future cognitive decline more effectively than the
comparison models. Transforming the discrete predictions back to the original continuous values
recovered continuous variability. Correlating ADLLM predicted continuous values with the raw
MMSE change rates yielded a strong positive correlation of r= 0.600 (Supplementary Figure 1c).
Finally, With increasing longitudinal data, ADLLM performance improved substantially. When
the number of visits exceeded nine, AUC approached 0.90 and accuracy approached 0.70 (Figure
4), indicating strong utilization of longitudinal information.

Attention scores in LLM and variable importance in ML

To determine the most important variables for making the composite prediction of AP, meta-
temporal tau burden, and MMSE change rate, we extracted attention scores from ADLLM’s
transformer layers across different cohorts and variable groups. The attention scores in ADLLM



showed consistent patterns and cohort-specific variability. Notably, AD-related fluid biomarkers
emerged as highly attended variable groups, with “AD CSF biomarker” receiving high attention
scores exclusively in ADNI and “AD blood biomarker” standing out in HABS-HD. Variable
groups such as “Genetics” and “Cortical volume” consistently showed high attention scores across
all cohorts, whereas “Cognitive tests” and “Questionnaires” received lower attention scores
(Figure 5).

To further explore the model’s interpretability, we instructed ADLLM to explain its predictions by
prompting, “Provide your reasons for the prediction.” Examples from ADNI, along with their
corresponding predictions and explanations, are presented in Figure 6 briefly and in
Supplementary Methods: ADLLM Reasoning Examples From ADNI Cohort in detail.

The variable importance of GB was also computed across different outcome prediction tasks. For
AP burden prediction, the top five variable groups in feature importance were “Genetics”, “AD
CSF biomarker”, “Cognitive Diagnosis”, "Cortical volume”, and “Cortical thickness”. For Meta
tau prediction, the top five were “Cognitive Diagnosis”, “Cortical volume”, “Cortical thickness”,
“Other health conditions”, and “Demographics”. For MMSE score change rate prediction,
“Cognitive Diagnosis”, “Medication”, “Cognitive tests”, “Cortical volume”, and “Cortical
thickness” ranked highest. More detailed results of GB features’ importance are provided in the
Supplementary Figure 3.

Heterogeneity effects:

Subgroup performance and bias analysis

To evaluate potential heterogeneity in model performance, we conducted subgroup analyses across
sex, age group, race, ethnicity, and education level where sufficient sample size was available.
Model performance metrics (weighted AUC, macro PR-AUC, accuracy, and macro sensitivity)
were computed within each subgroup using participant-level bootstrap confidence intervals.

Across well-powered subgroups, ADLLM demonstrated broadly similar performance across sex
and age groups. For example, in the A4 cohort for AP prediction, weighted AUC values were
approximately 0.52 for female participants and 0.49 for male participants, with overlapping
bootstrap confidence intervals. Consistent patterns were observed in the HABS-HD cohort, where
AP prediction AUC was 0.512 in female participants and 0.498 in male participants, and meta-
temporal tau prediction AUC was 0.603 vs 0.587, respectively. For MMSE change rate prediction,
performance was similarly consistent across sex groups in HABS-HD (AUC 0.881 in females vs
0.872 in males). Differences across age tertiles were similarly small (AAUC typically <0.04).

Analyses across race, ethnicity, and education strata yielded comparable findings for the major
groups represented in the cohorts. In HABS-HD, AP prediction AUC was 0.605 in White
participants and 0.589 in Black/African American participants, with similar patterns observed for
meta-temporal tau prediction (AUC 0.598 vs 0.581, respectively). In most cases, differences in
AUC and PR-AUC between groups were modest and confidence intervals overlapped
substantially. Several smaller demographic categories contained limited numbers of participants
and were therefore flagged as underpowered, resulting in wider uncertainty intervals.

Overall, these analyses did not identify strong or systematic disparities in ADLLM predictive
performance across major demographic subgroups in the available datasets, although further
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validation in larger and more diverse populations will be important for confirming fairness and
generalizability.

DISCUSSION

Here we present a novel modeling framework, ADLLM, a fine-tuned LLM that is specifically
trained to make AD-related predictions based on a broad range of clinical, demographic, and
biomarker predictors. Using state-of-the-art LLM enhancement methods and extensive training
data from a diverse set of participants, we show the ADLLM can utilize non-PET predictors to
capture subject-level variability in AP and tau burden measured with PET, while also forecasting
cognitive decline. Critically, we probed ADLLM to generate explanations for its predictions and
observed that ADLLM integrates semantic information captured across multimodal predictors to
make an accurate and clinically reasonable assessment of a patient's underlying AD pathology and
incipient cognitive decline.

Across internal hold-out cohorts and external validation, ADLLM demonstrated competitive
performance relative to GB, with its clearest advantage observed for predicting MMSE change
rate, whereas performance gains for AB and meta-temporal tau burden were more modest and
varied across cohorts and metrics. These findings suggest that ADLLM may be particularly well
suited for integrating heterogeneous longitudinal information relevant to cognitive decline, while
multi-class biomarker prediction remains challenging because of class imbalance, cohort
differences, and the difficulty of inferring PET-derived pathology from non-PET predictors.
Subgroup analyses across sex, age, race, ethnicity, and education did not identify strong systematic
disparities in predictive performance, although several smaller demographic strata were
underpowered and require further validation. Beyond model discrimination, ADLLM provides a
flexible framework for AD prediction because structured clinical, demographic, biomarker, and
imaging-derived predictors can be serialized into natural language prompts, enabling integration of
new variables, partially missing inputs, and potentially unstructured clinical information without
redesigning task-specific feature engineering pipelines. This prompt-based structure is consistent
with the broader clinical LLM literature suggesting that language-model interfaces may lower
implementation barriers for heterogeneous clinical data relative to conventional ML workflows
that often require extensive preprocessing, feature engineering, and task-specific retraining.*
Thus, ADLLM’s main contribution is not only improved performance for selected outcomes, but
also a scalable and adaptable prediction framework for multimodal longitudinal AD monitoring.

When assessing predictor relevance between ADLLM and GB, we saw broad alignment, with both
approaches identifying key predictive features, such as "Cognitive Diagnosis," "Genetics,"
"Cortical volume," and "Cortical thickness," as highly influential across all prediction tasks. This
indicates that ADLLM accurately integrates the numerical values of the predictors with semantic
information already present in the pre-trained model. Furthermore, in line with more traditional
supervised learning models*’** the addition of fluid biomarkers can improve ADLLM performance
in certain tasks, highlighting the compatibility of ADLLM with emerging biomarkers for AD.

The vast majority of previous modeling approaches to predict similar variables utilize more
traditional supervised ML algorithms with similar predictive performance to ADLLM in predicting
APB positivity'****, tau PET positivity'***, and future cognitive decline’*>’. However, these
previous approaches only integrate a select number of predictors, and none attempt to predict all
three outcomes simultaneously as we do with ADLLM. Furthermore, there is limited robust
external validation and cross-cohort generalizability in these prior works, a particular concern with
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approaches that use heavily parameterized models such as deep neural networks**’ | or require

heavily engineered features. In contrast, our ADLLM generalizes across datasets, achieving stable
performance even when applied to external cohorts. Furthermore, our ADLLM naturally
accommodates feature complexity by processing serialized textual representations of clinical data,
bridging structured and unstructured sources within a uniform serialization pipeline.

ADLLM enhances interpretability compared to traditional prediction architectures. Traditional
deep learning techniques are often regarded as "black boxes," with limited interpretability of
understanding of how predictions are made. However, post-hoc analyses using attention scores and
generated reasoning provide exploratory insight into which input features may influence model
predictions. Though these approaches do not establish causal interpretability, this is useful in
clinical settings, allowing clinicians and patients to understand the rationale behind predictions and
build trust in the model’s outputs.

Despite its strengths, ADLLM has some potential limitations. First, deeper probing of feature
importance in ADLLM’s decision-making process may be required, as it still remains unclear if
model attention scores are directly proportional to predictor importance.* Second, there are
substantial computational resources required to fine-tune the pre-trained LLM (~10 hours), far
greater than the resources to train classical ML models (~2 minutes). However, this is a one-time
cost, and once fine-tuned, ADLLM can produce predictions within seconds for a wide range of
input scenarios, which may help with first-pass screening for patients with suspected cognitive
decline, early signs of Alzheimer's disease, or incomplete clinical profiles. Third, serialized
tabulated predictors could potentially be aggregated with unstructured electronic health record
information to improve classification performance. Additionally, expanding the genetic feature set
may enhance the model’s ability to predict tau burden. Finally, predictive information from MRI
may also be underutilized in our current setup due to reliance on summary measures which may
carry information loss from the original 3D image.

Conclusion:

Here we present ADLLM as a novel tool in Al-guided AD prediction. ADLLM demonstrated
promising generalizability, interpretability, and performance compared to traditional ML models
when predicting composite outcomes using multimodal longitudinal predictors in four large and
diverse cohorts (ADNI, HABS-HD, POINTER, and A4). To our knowledge, ADLLM is the first
study to develop and fine-tune a domain-specific language model for the prediction of AD
pathology and cognitive decline. Through the efficient embedding of AD predictors, an accurate
and reliable semantic association can be made by ADLLM with the model justifications providing
a reasonable summary and synthesis of a patient's underlying AP and tau pathology while also
accurately forecasting cognitive decline.

Our findings demonstrate the strong potential of fine-tuned LLMs to advance precision medicine
for Alzheimer's disease, providing the groundwork for LLMs to serve as valuable and trustworthy
decision-support tools in neurodegenerative disease care.

DATA AVAILABILITY

ADNI, HABS-HD, POINTER, and A4 studies data are available upon access approval through the
following website.

ADNI website: https://adni.loni.usc.edu/.

HABS-HD website: https://apps.unthsc.edu/itr/.

POINTER website: https://www.alz.org/us-pointer/home.asp.
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CODE AVAILABILITY

The codes for LLM fine-tuning, LLM inference, GB training, and GB inference in this study are
available at LORrrri/ADLLM (github.com). Our fine-tuned LoRA adaptor is also available
through GitHub.
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Table 1. Demographic variables are summarized per participant, ensuring that individuals with multiple visits contribute only
once to demographic counts. The number of visits per participant is reported separately to describe longitudinal follow-up.
Outcome class counts represent the distribution of available measurements across visits, reflecting class balance in the

prediction tasks.

lAdg A4 ADNI  IADNI ngBS- ngBS- POINT |POINT
Characteri Traini  Validati [Traini  [Validati D D ER ER
stic a alidatt ratm alidatt Traini [Validati ([Trainin [Validati

ng on ng on
ng on I on

falft‘“pa“t 352 B37 1878 W56 1872 [1198  [749 184
[Records,n 352 541 9906 2464 3129 742 749 188
Visits per
participant |1.00 1.61 5.27 7.61 1.67 5.08 1.00 2.00
, mean (0.00) {(0.73) (3.17) |(4.96) (1.62) (8.27) (0.00) (0.33)
(SD)
Age, mean [71.53 70.78 72.93 72.81 64.85 64.27 68.48 68.11
(SD) (4.77) (4.59) (7.28) (7.64) (8.46)  ((8.28) (5.20) (5.36)
Education [16.28 16.63 16.06 16.06 14.71 13.66 15.97 15.91
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Table 2 Four-class Ap classification performance across validation cohorts. Performance of ADLLM, zero-shot LLM, and
gradient boosting models for predicting amyloid-beta PET burden across ADNI, HABS-HD, POINTER, and A4 validation data.
Amyloid-beta burden was classified into four ordered categories: negative, weakly positive, positive, and clearly positive. Model
performance is reported using multi-class weighted AUC with 95% confidence intervals, accuracy, and specificity. Bold values

indicate the best-performing model within each cohort and metric.

Evaluation cohort Model AUC (95% CI)| Accuracy| Specificity
ADNI ADLLM 0.825 (0.803—0.843) 0.685 0.770
ADNI Zero-shot LLM | 0.713 (0.683—-0.741) 0.554 0.741
ADNI GB 0.825 (0.804-0.845) 0.689 0.729
HABS-HD ADLLM 0.773 (0.721-0.818) 0.812 0.290
HABS-HD Zero-shot LLM | 0.658 (0.601-0.714) 0.735 0.346
HABS-HD GB 0.746 (0.691-0.797) 0.826 0.174
POINTER ADLLM 0.702 (0.625-0.770) 0.734 0.285
POINTER Zero-shot LLM | 0.631 (0.552—-0.708) 0.644 0.423
POINTER GB 0.664 (0.587-0.737) 0.750 0.250
A4 ADLLM 0.610 (0.587-0.632) 0.256 0.837
A4 Zero-shot LLM | 0.591 (0.565-0.616) 0.173 0.843
A4 GB 0.609 (0.587-0.632) 0.204 0.852

Table 3 Four-class meta-temporal tau burden classification performance across validation cohorts. Performance of ADLLM,
zero-shot LLM, and gradient boosting models for predicting meta-temporal tau PET burden across ADNI, HABS-HD,

POINTER, and A4 validation data. Meta-temporal tau burden was classified into four ordered categories: very low, low, high,

and very high. Model performance is reported using multi-class weighted AUC with 95% confidence intervals, accuracy, and
specificity. Bold values indicate the best-performing model within each cohort and metric.

Cohort Model AUC (95% CI) Accuracy Specificity
ADNI ADLLM 0.730 (0.692-0.767) 0.460 0.806
ADNI Zero-shot LLM 0.551 (0.509-0.592) 0.194 0.803
ADNI GB 0.707 (0.668—-0.745) 0.414 0.761
HABS-HD ADLLM 0.597 (0.551-0.643) 0.399 0.708
HABS-HD Zero-shot LLM 0.530 (0.486-0.573) 0.381 0.694
HABS-HD GB 0.580 (0.538-0.622) 0.354 0.695
POINTER ADLLM 0.516 (0.456—0.574) 0.278 0.711
POINTER Zero-shot LLM 0.445 (0.392-0.498) 0.261 0.724
POINTER GB 0.494 (0.440-0.545) 0.276 0.693
A4 ADLLM 0.600 (0.564—-0.635) 0.284 0.789
A4 Zero-shot LLM 0.505 (0.456-0.558) 0.173 0.832
A4 GB 0.561 (0.524-0.599) 0.277 0.752
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Table 4 Four-class MMSE change-rate classification performance in longitudinal validation cohorts. Performance of
ADLLM, zero-shot LLM, and gradient boosting models for predicting longitudinal MMSE change-rate category in ADNI and
HABS-HD validation data. MMSE change rate was classified into stable, slow decline, moderate decline, and fast decline
categories. Model performance is reported using multi-class weighted AUC with 95% confidence intervals, accuracy, and
specificity. Bold values indicate the best-performing model within each cohort and metric.

Cohort Model AUC (95% CI) |Accuracy |Specificity
ADNI ADLLM 0.806 (0.794—0.817) |0.573 0.851
ADNI Zero-shot LLM (0.591 (0.576-0.605) (0.274 0.775
ADNI GB 0.771 (0.759-0.782) |0.516 0.824
HABS-HD (ADLLM 0.883 (0.862—0.904) |0.677 0.872
HABS-HD |Zero-shot LLM (0.576 (0.542—0.608) [0.597 0.742
HABS-HD |GB 0.610 (0.577-0.642) |0.337 0.741

(a

ADNI POINTER
ADNIEE,., CUSPOINTER
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in the brain PET scan, and Mini-Mental State Examination (MMSE) score change
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Outcomes burden is Low. MMSE: The MMSE is Slow decline.
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AB positivity This patient abeta burden is [Negative/Weakly positive/Positive/Strongly
positive]. Meta tau: Unknown or This patient Meta tau burden is [Very low/ LLaMA3.1 8B
tau stage Step | Low/High/Very high]. MMSE: Unknown or The MMSE is [Slow decline/
(PET images) ep I Moderate decline/Fast decline/Stable].
Natural Step Il.
language  Prompt Input Low rank adaptation
serialization  Natural language description of patient historical information: Patient (LoRA)
" Bascline information: Demographic information: This patient is born in 1937,
Right-handed, Retired, Female, and the marital status is Divorced, with 15 years
Cognitive ch of education, a self-identified race White, ethnicity Hispanic or Latino. Genetic ADLLM
ognitive change information: This is patient is 1 APOE4 allele carrier, and is not APOE2 allele
. carrier. Family history: Mother: patient's mother has dementia, patient's mother n
(‘%\% j \ has Alzheimer's disease..mother's symptoms start at approximate 64.0 years old. s
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Figure 1 Overview of the study design. a. Pre-trained model enhancement: the pre-trained model LLaMA 3.1 with 8 billion
parameters was fine-tuned with Low-rank adaptation (LoRA) by serialized data from ADNI, HABS-HD, and POINTER study
cohorts. The enhanced model is named “ADLLM”. b. Internal and external validation: ADLLM was internally validated by the left
20% of serialized data from ADNI, HABS-HD, and POINTER study cohorts. ADLLM was externally validated by all the serialized
data from the A4 study cohort. The classical evaluation metrics included multi-class weighted AUC, Accuracy, and multi-class
weighted Specificity. The utility evaluation was the performance of ADLLM on identifying participants with A positivity as eligible
candidates for anti-Af drug treatment and the subgroup analysis of participants with CSF/blood biomarkers. c¢. Model
interpretation: we first converted the discrete labels back to the continuous scales and did the regression analysis with respect to the
original values, we extracted the attention scores across all transformers’ layers and generated reasoning for model predictions to
interpret ADLLM. For ML interpretation, we extracted the feature importance of the trained GB model.
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Figure 2 ADLLM and GB performance in Af burden prediction. a. Af was categorized into four classes: Clearly positive,
Positive, Weakly positive, and Negative. We showed ADLLM, Zero-shot LLM, and GB performance on evaluation metrics: AUC,
Accuracy, and Specificity. b. ADLLM ROC curves for different A burden categories across different cohorts.
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Figure 3 ADLLM and GB performance in Meta tau burden prediction. a. Meta tau burden was categorized into four classes: Very
low, Low, and Very high. We showed ADLLM and GB performance on evaluation metrics: AUC, Accuracy, and Specificity. b.
ADLLM ROC curves for different Meta tau burden categories across different cohorts.
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Figure 4 ADLLM and GB performance in MMSE score change rate prediction. a. MMSE score change rate was categorized into
four classes: Stable, Slow decline, Moderate decline, and Fast decline, and two classes: declining and not declining. We showed
ADLLM and GB performance on evaluation metrics: AUC, Accuracy, and Specificity. b. The metrics change trends with the
increase in participants’ visit times. ¢. ADLLM ROC curves for different MMSE score change rate categories across different
cohorts.
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Figure 5 ADLLM attention scores for different variable groups in four cohorts. The complete list of our defined variable groups
and their respective variables can be found in Supplementary Table 1. Our attention score was calculated as the average across
multiple heads, multiple layers within the transformer layers, and the token count for each variable category in the text input. See
the Methods section and Supplementary Material for detailed calculations.
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Example 1

Example 2

Example 3

‘ou are a specialist in diagnosing and forecasting the disease
progression for Alzheimer's disease patients. Your task is to predict
the following for a patient based on their medical records: the
current amyloid beta (beta) burden in the brain PET scan, the
current tau burden of the temporal meta regions of interest (ROls)
in the brain PET scan, and Mini-Mental State Examination
(MMSE) score change rate. Please provide the prediction in this
structured format.

your reasons for the prediction.

Patient Baseline information:\n Demographic information:\n This patient is
born in 1953, Right-handed, Not retired, Female, and the marital status is
Married, with 15 years of education, ethnicity Hispanic or Latino. \n Genetic
information:\n This is patient is 0 APOE4 allele carrier, and is not APOE2
allele carrier. This visit is the 6 time visit. In total, the patient has 6 visits on
2011-05-26, 2012-02-15, 2012-10-10, 2013-07-25, 2014-07-09, 2017-11-30. The
trajectory of features during these visits (from the very first to the latest) are:
\n \n Vitals:\n Age: 57.8, 58.5, 59.2, 60.0, 60.9, 64.3, Weight (in kg): 88.0,
89.0, 90.0, 91.0, 91.0, 90.0, Height (in cm): 157.5, NA, NA, NA, NA, 155.0,
Systolic blood pressure (mmHg): 135, 131, 137, 115, 139, 135, Diastolic blood
pressure (mmHg): 80, 81, 6

=

1,77, 69, 70, Seated Pulse Rate (per minute) )

Instruction

‘ou are a specialist in diagnosing and forecasting the disease
progression for Alzheimer's disease patients. Your task is to predict
the following for a patient based on their medical records: the
current amyloid beta (beta) burden in the brain PET scan, the
current tau burden of the temporal meta regions of interest (ROls)
in the brain PET scan, and Mini-Mental State Examination
(MMSE) score change rate. Please provide the prediction in this
structured format.

your reasons for the prediction.

Patient Baseline information:\n Demographic information:\n This patient is
born in 1957, Right-handed, Not retired, Male, and the marital status is
Married, with 16 years of education, a self-identified race White, ethnicity Not
Hispanic or Latino. \n Genetic information:\n This is patient is 2 APOE4 allele
carrier, and is not APOE?2 allele carrier. This visit is the 7 time visit. In total,
the patient has 7 visits on 2012-07-12, 2012-11-16, 2013-04-09, 2013-10-16,
2014-10-15, 2015-10-20, 2016-11-10. The trajectory of features during these
visits (from the very first to the latest) are:\n \n Vitals:\n Age: 55.0, 55.4,
55.8, 56.3, 57.3, 58.3, 50.4, Weight (in kg): 78.0, NA, 76.0, 7.0, 76.0, 76.0,
73.0, Height (in cm): 178.0, NA, NA, NA, NA, NA, NA, Systolic blood
kmssme (mmHg): 131, NA, 124, 120, 114, 131, 105, Diastolic blood pressure.

Model Input ;

( Prediction

Abeta: This patient abeta burden is Negative.
Meta tau: This patient Meta tau burden is Very low.
MMSE rate: The MMSE s Stable.

The patient is 0 APOE4 allele carrier, which is a protective factor against
Alzheimer's disease. The patient's age is 64.3, which is relatively young for
Alzheimer's disease. The patient's MMSE score is stable, indicating that the
patient does not have significant cognitive decline. The patient's cognitive test
scores, such as the MMSE, Alzheimer's Disease Assessment Scale, and Rey
Auditory Verbal Learning Test, are within normal limits. The patient's brain

=

(he latest) are:\n \n Vitals:\n Age: 75.9, Weight (in k

=

‘ou are a specialist in diagnosing and forecasting the disease
progression for Alzheimer's disease patients. Your task is to predict
the following for a patient based on their medical records: the
current amyloid beta (beta) burden in the brain PET scan, the
current tau burden of the temporal meta regions of interest (ROIs)
in the brain PET scan, and Mini-Mental State Examination
(MMSE) score change rate. Please provide the prediction in this
structured format.

your reasons for the prediction.

Patient Baseline it ion:\n De

This patient is
born in 1943, Right-handed, Retired, Male, and the marital status is Married,
with 16 years of education, a self-identified race White, ethnicity Not Hispanic
or Latino. \n Genetic information:\n This is patient is 1 APOEA allele carrier,
and is not APOE2 allele carrier. \n Family history:\n Mother: patient's mother
has dementia. patient's mother has Alzheimer's disease. The mother's
symptoms start at approximate 73.0 years old. Father: patient's father does not
have dementia. ~Sibling: This patient has 2 siblings, 2 has no dementia, 0 has
dementia. This visit is the 1 time visit. In total, the patient has 1 visits on
2019-09-04. The trajectory of features during these visits (from the very first to

i Model Input

Abeta: This patient abeta burden is Clearly positive.
Meta tau: This patient Meta tau burden is Very high.
MMSE rate: The MMSE is Moderate decline.

Reasoning

The patient is a 2 APOE4 allele carrier, which is a significant risk factor for
Alzheimer's disease. The patient's age and the presence of APOE4 alleles
suggest a high likelihood of amyloid beta accumulation in the brain. The
patient's high amyloid beta burden and APOE4 status suggest a high likelihood
of tau accumulation in the brain, particularly in the temporal meta regions of

interest (ROIs). The patient's cognitive decline and brain imaging findings ...

imaging results, such as the brain volume and thickness, are also within normal )

i Model Input

( Prediction

/' Prediction . ﬁ“' \

LY,

Abeta: This patient abeta burden is Clearly positive.
Meta tau: This patient Meta tau burden is Very high.
MMSE rate: The MMSE is Fast decline.

The patient is 1 APOE4 allele carrier, which is a risk factor for Alzheimer's
disease. The patient's amyloid beta 40 in Cerebrospinal Fluid is 19990.0 pg/mL,
and amyloid beta 42 in Cerebrospinal Fluid is 590.8 pg/mL, indicating a high
amyloid burden. The patient's average FDG-PET of angular, temporal, and
posterior cingulate s 1.06, which is low, indicating reduced glucose metabolism
in these regions. The patient's tau protein concentration in Cerebrospinal Fluid is
308.3 pg/mL, which is high, indicating a high tau burden. The patient'

Figure 6 ADLLM prediction reasoning example. Besides the original instruction, we added the prompt “Provide your reasons for
the prediction.” to ask ADLLM to give its reasoning for the prediction. From left to right, we provided three examples from ADNI
with the predicted outcome and the reasons ADLLM gave for each prediction.
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