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Abstract. Multimodal longitudinal records provide critical insights into
disease evolution and support disease understanding and early interven-
tion. However, existing methods struggle with irregular and incomplete
multimodal data, overlook the population-level progressions, and offer
limited interpretability for clinical forecasting. To address these chal-
lenges, we propose a unified multimodal longitudinal forecasting frame-
work that jointly predicts future disease status while generating explana-
tions. Our approach employs a multimodal language model (MLM) with
a novel longitudinal language tuning scheme that learns from generated
hierarchical interpretations, enabling forecasting alongside structured ex-
planatory outputs. Furthermore, a multimodal bipartite graph module
is proposed to model missing and heterogeneous records, while a dual-
memory module retrieves population-level patterns to support report
generation. Experimental results on the ADNI dataset demonstrate sig-
nificant improvement of the proposed method in both disease forecasting
and result interpretation compared with state-of-the-art methods.

Keywords: Longitudinal Forecasting · Graph Representation Learning
· Population Memory · Multimodal Language Model.

1 Introduction

Alzheimer’s disease (AD) is a neurodegenerative disorder and a leading cause
of dementia, typically evolving from cognitively normal (NC) to mild cognitive
impairment (MCI) and AD [10]. Accurate and interpretable forecasting is critical
for early intervention and efficient clinical workflows [14].
† Yuheng Fan and Hongyi Qin contributed equally to this work.
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Early longitudinal forecasting methods [12] focused on single-modality tem-
poral modelling, showing that incorporating multiple visits improves disease pre-
diction. Recent works [17, 19, 23] have extended this paradigm to multi-modality,
leveraging clinical and imaging information to enhance performance. However,
missing data remains an unavoidable challenge in real-world settings. Approaches
address incomplete inputs through loss masking [18] or adaptive temporal mod-
elling [3], or learnable padding for missing modalities [2]. Graph-based methods
further model heterogeneous variables under missingness, such as GRAPE [26]
with bipartite graphs, GraFITi [24] via graph edge prediction. Despite these
advances, interpretability for clinical decision support remains limited. Recent
generative models offer a new avenue for interpretation by synthesizing future im-
ages to visualize disease progression [25, 20, 5]. While visually intuitive, these out-
puts require expert interpretation and lack structured clinical reasoning. Mean-
while, large language models (LLMs) [15, 1, 11] provide flexible explanations and
demonstrate the potential to support longitudinal clinical reasoning. However,
existing LLM-based approaches are typically limited to single time-point data
and lack hierarchical structural priors to guide explanation generation.

Therefore, we proposed a novel MLM-based disease forecasting framework
named ENIGMA, which ENables Interpretable multimodal longitudinal model-
ing with bipartite Graph encoding and population Memory-Augmented genera-
tion. ENIGMA is further enhanced by proposed hierarchical interpretations, im-
proving forecasting performance while providing more meaningful and clinically
relevant explanations. The contributions are summarized as follows: 1) To our
best knowledge, this is the first MLM-based longitudinal forecasting framework
for interpretable disease prediction with hierarchical explanation generation; 2)
We design a bipartite graph encoding (BGE) module to encode incomplete mul-
timodal longitudinal records into semantically aligned representations for better
MLM understanding; 3) We propose a Dual Population Memory (DPM) mod-
ule to capture multimodal disease evolution with textual impression, enabling
population-aware forecasting and enhancing clinical relevant explanations.

2 Methods

We consider the longitudinal dataset D = {(R1:T
m , l1:Tm )}Mm=1 containing T visits

from M participants, where R1:T
m denotes the clinical records and l1:Tm represents

three disease categories (0:NC, 1:MCI, 2:AD). Each record on i-th visit contains
3D MRI scans xi

img, time-variant clinical variables xi
tvv like cognitive assessment,

time-invariant variables xtiv such as demographic and genetic information, and
time interval ti between the i-th and the first visit. This work aims to leverage
the data from T − 1 visits to predict disease status at visit T and generate
corresponding explanatory outputs. Fig. 1 provides an overview of the proposed
framework, where our longitudinal forecasting model shown at the bottom and
the dataset summary generation for its training at the top. Specifically, our
model consists of three main components: the bipartite graph module (BGE)
for multimodal data encoding; the dual population memory module (DPM) to
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Fig. 1: Overview of proposed framework. (a) Workflow to construct interpretation
from regional imaging and statistical knowledge; (b)Bipartite graph-based in-
complete multimodal records encoding; (c) Dual-memory module for population-
augmented language interpretation; (d) Pre-training and finetuning pipeline.

capture population-level evolutions; and a multimodal language model (MLM)
that integrates all learned representations to generate disease forecasting and
explanatory outputs. Each component is introduced in the following subsections.

2.1 Longitudinal interpretation construction

In clinical practice, disease progression is grounded in temporally documented
evidence to ensure continuity and auditability [4]. Statistical approaches, such
as normative modeling [16], quantify a normative reference from healthy popula-
tions and compare individualized deviations to indicate disease patterns. Specif-
ically for Alzheimer’s disease, progression knowledge manifests as longitudinal
changes in brain regional structures and clinical assessments. To convert such
evidence into language supervision, we extract brain volume quantiles from MRI
using FreeSurfer [6] and estimate both structural and clinical normative devi-
ations. Specifically, each deviation score is computed as the covariate-adjusted
residual divided by the standard error of the estimate, thereby reflecting depar-
tures from normative trajectories. We then organize deviation measures into four
different timescales: visit impression (VI) that describe normative status for each
visit, recent changes (RC) that reflect the most recent evolution toward forecast-
ing target, long-term changes (LC) that review historical pattern starting from
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initial visits, and progression status (PG) which consider evolution between the
most recent record and the target visit. To avoid manual summarization, we
provide GPT-5.2 with the four-visit longitudinal records, including tabular data
and diagnoses, along with pre-visit and inter-visit normative results. This en-
ables GPT-5.2 to summarize textual explanations at each timescale, which are
then used as supervision signals to train our MLM for explanation generation.

2.2 Bipartite Graph for Multimodal Records Encoding

BGE encodes individual records and infers an embedding emm∈R1×Nm×dm with
Nm = 519 tokens and dm = 512 dimension at query time tT . Inspired by [24],
we represent records on a bipartite graph G = (V,E) as shown in Fig. 1(b),
where nodes V are concept placeholders, the connectivity between nodes reflects
missingness, edges E store observed values and we predict the future visit as edge
embeddings embeddings using an attention-based graph neural network(GNN).

In details, the node set V contains variable nodes Vc and time nodes Vt.
Time nodes consist of observed nodes Vtob and one query node Vtqr, which in-
dicate the observed time and query time, respectively. Variable nodes consist
of time-variant Vtvv and invariant tabular nodes Vtiv, image patch nodes Vimg
and a learnable class node Vcls. All edges are connected variable nodes and time
nodes. Specifically, we disconnect edges if no value is observed and we add edges
between variable nodes and the query node, thus the network can aggregate
all observations to represent the target visit. For node initial embeddings, we
employ a learnable lookup table to encode variable-node indices to distinguish
each variable, and we represent the all visit times as dm dimension vectors us-
ing sinusoidal encoding. For query time edges, we initialize them with learnable
parameters. For the initialization of observed edges, we use the 3D ViT-B/16 to
encode MRI scans into T−1 groups of patch embeddings, which are then taken
as edge embeddings between image patch nodes and observed time nodes. The
observed variables are encoded into dense feature in Rdm via 2-layer MLP.

These embeddings further pass along the graph G using 4 layers of multi-
head attention blocks(MAB)[24]. Since time-invariant variables have interacted
with image and time variant observations at each layer, for encoding efficiency,
we collect the embedding from image and time-variant query edges after the last
GNN layer, resulting 519 output tokens emm at query time tT . The encoding
of records at all time are denoted as {emm}T1 . We additionally summarize each
visit’s status by inserting a single class node Vcls between the observed and query
time nodes. These class edges are learnable initialized and their output embed-
dings summarize each visit’s status. The query-time class-edge embedding ecls
is also used to initialize the learnable prompt <cls> for MLM-based forecasting.

LBGE =
1

T

T∑
i=1

(
αclLi

cl + αdaLi
da
)

(1)

BGE aligns textual representations and disease status across visits. For each visit
i, we encode the visit impression VI into text embedding eiimp using the frozen
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text encoder of BioMedCLIP [28]. We then align BioMedCLIP’s cls embedding
and the embedding of the corresponding class edge using CLIP loss Li

cl [21]. In
addition, a two-layer classifier is trained with the cross-entropy loss Li

da between
the i-th prediction and label li. The overall pre-training objective is given in
Eq. 1, with αcl = 2.0 and αca = 1.0 set empirically.

2.3 Dual Population Memory for Population-aware forecasting

The DPM module maintains a record memory Mmm ∈ RP×dm and an impres-
sion memory Mimp∈RP×dm . It captures P representative trajectories and their
memory-level impressions from record embeddings {emm}T1 and text embeddings
{eimp}T1 across training batches. As shown in Fig. 1(c), we update Mmm us-
ing the swap strategy similar to [5]: we create an augmented view by applying
dropout and noise to the record embeddings, and then project the two views
to s1, s2 ∈ Rdm for swap prediction. Mmm is trained with the SwAV loss in
Eq. 2, wherer B is batch size, the predicted assignment of the given record is
p∗=softmax(s⊤∗ ·Mmm), and q∗ is obtained using the Sinkhorn–Knopp algorithm.

Lswav(s1, s2) = −1

2
EB(q1 log p2 + q2 log p1) (2)

Ltxt = 1− EB

[
cos(r, q1Mimp) + q⊤1 log q̂1

]
(3)

Record memory captures population dynamics in multimodal trajectory space,
but interpretation also needs language-level semantics. We therefore maintain the
impression memory that aligns with each memory prototype in Mmm. We first
project text embeddings {eimp}T1 into impression vectors r ∈Rdm with a MLP
ftxt. Impression vectors are then collected based on assignments q1 to update
impression memory using EMA for stable semantic meanings. We further add
disentanglement and assignment rematching losses as Eq. 3, to reduce semantic
redundancy and assure each column in Mimp matches the corresponding record
memory. Here, q̂1=softmax(r⊤ ·Mimp) represents the text-induced assignment.

LDPM = Lswav + Ltxt (4)

The DPM loss is defined in Eq. 4. We concatenate the records memory Mmm
and the impression memory Mimp to form the dual memory epm ∈ RP×2dm .

2.4 Multimodal language model forecasting

As shown in Fig. 1, our MLM first uses two-layer MLPs to adapt the individual
embedding emm and the dual-population memory epm to the language-model
embedding space. Under task instructions Instr to let MLM forecast recent
changes, long-term changes, and progression status, the model generates the
textual explanation ŷtxt and predicts the disease label l̂T at the target time tT .
For disease status prediction, we follow language-action alignment [22] by using
a learnable prompt <cls> as model’s inputs and a two-layer classifier head on
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Table 1: Quantitative comparison of different methods for category forecasting.
Each metric reports its macro value.

Image Tabular Image + Tabular
Metric GLIMNet LaTiM GraFITi TimeCHEAT UniLMMV DTGPT NoteLM ViT-B/16-LM ResNet50-LM Ours

[9] [27] [24] [13] [2] [15] [1]

ACC ↑ 0.751 0.697 0.734 0.709 0.744 0.764 0.737 0.677 0.680 0.842
SEN ↑ 0.714 0.697 0.719 0.721 0.708 0.723 0.709 0.621 0.644 0.799
SPE ↑ 0.856 0.834 0.866 0.859 0.863 0.873 0.864 0.866 0.871 0.912
F1 ↑ 0.746 0.678 0.717 0.730 0.710 0.726 0.702 0.622 0.642 0.810
AUC ↑ 0.821 0.838 0.890 0.863 0.874 – – – – 0.893

the last-token representation. To better exploit population patterns, we intro-
duce a gated router jointly trained with MLM, where a sparsity regularization
encourages the router to activate only 25% of the memories during forecast-
ing. The MLM is trained to jointly minimize the language generation loss for
RC/LC/PG explanations and focal loss with lT disease prediction:

LMLM = ED[− log pMLM(ŷtxt, l̂T |<mm>, <pm>, Instr, <cls>)] (5)

Overall, we optimize the framework in two stages as shown in Fig. 1(d). We first
pre-train BGE, DPM, and the gate router using Eq. 1 and Eq. 4. We then fine-
tune the MLM while keeping BGE and DPM fixed with Eq. 5 to learn structured
interpretations. We also perform 200 iterations of language-generation warm-up
before joint optimization for stable finetuning.

3 Experiments

3.1 Setup Details

Dataset. Following the setting of [9], we split dataset in participant level and
constructed 2342 clips (train/val/test:1764/281/297) containing 4-visit from 399
participants in the ADNI dataset [10]. Clips converting to AD before the fourth
visit are excluded, as the purpose is to predict before any conversion. Each
visit comprises T1 MRI scans along with six cognitive scores and demographic
information. MRIs were processed with FreeSurfer [6] and registered to MNI152
space [7], then normalized and resampled to 128×128×128. For MLM backbones
and all baseline methods, Qwen3-4B-Instruct is used as the default model.
AdamW optimizer is utilized to update the parameters, and LoRA [8] (rank 64)
is applied to all LLMs.6
Metrics and Baselines The disease forecasting performance is evaluated using
the 4-th visit diagnosis as ground-truth, measured by accuracy (ACC), sensitiv-
ity (SEN), specificity (SPE), F1-score, and AUC. Explanations are evaluated
against the generated summary described in Sec. 2.1 using BLEU, METEOR,
ROUGE-L, and BERTScore. Furthermore, the clinical correctness is assessed
via LLM-based judge [29] with GPT-5.2 and ratings from two radiology clini-
cians. The clinical correctness is evaluated from six dimensions following [11],
6 The detailed implementation is available at https://github.com/yhf42/ENIGMA.
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Table 2: Comprehensive comparison of expla-
nation generation quality.
Model NLG Metrics LLM Judge Metrics

BERT↑ BLEU↑ MET↑ RL↑ CS ↑ HF ↑ PF ↑ SS ↑ HP ↑ HL ↑
GPT (GT) – – – – 4.367 4.347 4.125 4.360 4.040 4.956
DTGPT 0.750 28.328 0.472 0.331 3.400 3.306 3.134 4.265 3.370 3.548
NoteLM 0.755 28.577 0.475 0.345 3.000 3.484 2.764 4.336 3.047 3.111
ResNet-LM 0.737 26.471 0.452 0.305 3.320 3.026 3.051 4.131 3.333 3.391
ViT-LM 0.741 27.112 0.454 0.311 3.309 3.158 3.064 4.122 3.340 3.374
Ours 0.747 28.735 0.471 0.329 3.640 3.221 3.387 4.215 3.593 3.845

Human Likeness

Helpfulness

Structural
Specificity

Prognostic
Fidelity

Historical
Fidelity

Consistency

1
2
3
4
5

Res50
ViTB
DTGPT
NoteLM
Ours
GT

Fig. 2: Clinician-judged scores
for methods and GT summary.

Recent Changes

Instructions: Based on the available MRI images
and longitudinal clinical data up to the current
visit, predict the most likely diagnostic status and
progression profile at the next follow-up occurring
approximately 1 year later.

Exaggerated, conservative, incorrectLongterm Changes
Progression

GPT:
Between Visit 2 and Visit 3 there is heterogeneous but
overall worsening across cognition and daily function ... On
MRI, medial temporal and temporal neocortical measures
show ongoing volume loss … while ventricular measures and
some posterior/parietal regions appear comparatively less
dynamic over the same period. …
From Visit 1 to Visit 3 the overall trajectory is progressive
and clinically meaningful … Imaging shows a consistent
pattern of neurodegeneration centered on medial temporal
regions with spread to broader temporal and cortical
measures, … an active disease process than stable MCI. …
Over the next year, the most likely course is continued
decline with increasing difficulty in new learning and
delayed recall … and a rising burden of instrumental
functional impairment. Neuroanatomically, further medial
temporal and temporal neocortical atrophy is expected …
with potential emergence of more widespread cortical
involvement … but the overall direction is anticipated to be
toward greater cognitive and functional dependence, with a
meaningful risk of crossing into a dementia-level syndrome
…predicted_dx_visit_4: AD

NoteLM:
Between Visits 2 and 3 there is a heterogeneous but
clinically meaningful pattern with worsening in global
cognition and everyday function, alongside continued
decline in memory. In contrast, several MRI measures show
relatively modest short-interval change … the main signal of
faster recent change is in hippocampal volume loss. …
From Visit 1 to Visit 3 the overall course appears gradual but
not uniformly steady, with fluctuations in cognitive test
performance … alongside a more consistent and faster-than-
expected decline in several temporal and association
cortices and medial temporal structures. …
Over the next year, the most likely course is continued MCI
with further erosion of episodic memory and increasing
difficulty with complex instrumental activities …
Neuroanatomically, further medial temporal and temporal
neocortical volume loss is plausible … There is uncertainty …
because MRI change may lag behind clinical symptoms, so
the near-term trajectory could be uneven with periods of
relative stability despite continued impairment.
…predicted_dx_visit_4: MCI

Ours:
Between Visit 2 and Visit 3 there is heterogeneous recent
worsening across multiple cognitive domains, with decline in
global cognition and clinical staging and … Imaging over
the same interval shows ongoing neurodegeneration that is
most evident in temporal and medial temporal structures …
while ventricular enlargement is not obvious. …
From Visit 1 to Visit 3, the trajectory is progressive and
increasingly impactful … MRI change over the longer
interval shows sustained volume loss across temporal and
medial temporal regions with spread to broader cortical
areas … aligning with a neurodegenerative process that is
advancing over several years. …
Over the next year, the most likely course is continued
decline with increasing difficulty in episodic memory,
orientation …. Neuroanatomically, ongoing atrophy would
be expected to remain most prominent in medial temporal
and temporal neocortical regions with potential spread to
additional association cortices … There is uncertainty in the
exact rate … but the overall near-term risk is for clinically
significant worsening rather than stability. …"cls_pred": 2,
"cls_prob": [0.006, 0.146, 0.848]

Sex Male
Edu 20
Eth white
Rac Latino

APOE4 1
Marital married

T1 MRI T1 MRI

Variable Visit1 Visit2 Visit3
ADAS13 22.67 28.67 26.67
MMSE 29 29 27
CDRSB 1.5 2 2

FAQ 3 1 4
LDLTOTAL 6 N/A 2
TRABSCOR 134 94 111

Age 78.8 80.3 80.8
Time 0 1.5 2

Historical Records Variable Visit4
ADAS13 28.67
MMSE 25
CDRSB 5

FAQ 16
LDLTOTAL 0
TRABSCOR 234

Age 80.9
Time 3

Forecasting Visit

Fig. 3: Representative case study comparing explanatory outputs from our model
and NoteLM against the reference explanation and next-visit diagnosis.

including: Consistency (CS), internal coherence and evidence consistency; His-
torical Fidelity (HF), accurate trajectory reflection and direction change in key
cognitive and anatomical domains; Prognostic Fidelity (PF), clinically progres-
sion judgment aligned with the expected diagnostic direction; Structural Speci-
ficity (SS), system-level descriptions grounded in domains, functions, and re-
gions; Helpfulness (HP), clear and actionable reasoning for diagnostic conclu-
sion; and Human-likeness (HL), natural clinical writing style. Nine baselines are
compared, including single-modality, multi-modality and VLMs.

3.2 Experimental Results

Quantitative results for disease forecasting and explanation. Table 1
presents the forecasting results. Our approach achieves the best performance
across all metrics. The accuracy gains are significant (p<0.05, McNemar’s tests).
The gains over multimodal and LLM/MLM-based methods highlight the im-
portance of modelling longitudinal dynamics and population-level patterns for
disease forecasting. Table 2 evaluates explanation generation quality using both
NLG metrics and LLM-based judgement. Notably, DTGPT and NoteLM are un-
able to process MRI images, instead ground-truth volumetric measurements are
directly provided as input. In contrast, other methods must extract this infor-



8 Y. Fan et al.

Table 3: Ablation study results on modality contribution, interpretation sum-
mary analysis, and MLM component design. BGE: BGE results with different
input modalities. Full Pipeline: full pipeline ablation results.

Setting ImageTabular ACC↑ SEN↑ SPE↑ F1↑ AUC↑

B
G

E

Modality
0.478 0.524 0.753 0.459 0.702
0.744 0.733 0.871 0.726 0.915
0.822 0.784 0.900 0.793 0.932

F
ul

l
P
ip

el
in

e

RC LC PG ACC↑ SEN↑ SPE↑ F1↑ AUC↑
Interpret 0.801 0.761 0.888 0.777 0.893

0.832 0.795 0.907 0.803 0.892
LdaLcl <cls>MmmMimp ACC↑ SEN↑ SPE↑ F1↑ AUC↑ RL↑ MET↑ BLEU↑ BERT↑

MLM

0.626 0.650 0.854 0.634 – 0.314 0.462 27.665 0.742
0.737 0.728 0.898 0.721 – 0.325 0.468 28.469 0.747
0.825 0.790 0.902 0.801 0.905 0.325 0.465 28.335 0.747
0.835 0.788 0.904 0.806 0.897 0.325 0.468 28.371 0.746
0.842 0.799 0.912 0.810 0.893 0.329 0.471 28.735 0.747

Memory Length LLM Backbone

(b)(a) (d)(c)

Tabular Missing Visit Missing

Fig. 4: (a) Memory length ablation; (b) LLM backbone scaling; (c) performance
under missing tabular variables; (d) performance under missing-visit scenarios.

mation from imaging data. Consequently, the superior performance of NoteLM
on some metrics is expected. Compared with image processing-based MLM, our
approach achieves the best performance. Two clinicians further independently as-
sessed interpretability of ten generated explanations and GT summaries (Fig. 2).
Evidence fidelity is used as the primary criterion, and two clinicians achieve high
agreement (Cohen’s κ 0.79). Our approach demonstrates clear advantages.
Qualitative results for explanation generation. Fig. 3 compares reference
explanations, our results align more closely with structural evidence and clearly
distinguish recent changes from long-term changes, while the NoteLM (strongest
baseline) tends to conflate them. For regional descriptions, such as medial tem-
poral and temporal neocortical, our approach provides a more accurate degen-
eration description. Moreover, NoteLM places a narrow structural emphasis on
the hippocampus, whereas our approach captures broader patterns of regional
degeneration. Notably, although NoteLM identifies clinically meaningful deteri-
oration, its final prediction is inconsistent.
Ablation study. See Table 3 and Fig. 4. The top panel shows that multimodal
inputs are essential for disease forecasting. The middle panel further analyzes
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structured interpretation summaries, demonstrating that multi-scale structured
explanations improve forecasting performance. Additionally, the encoder trained
with the generated VI by Lda achieves better results than training with CLIP loss
Lcl alone. The bottom panel examines the effects of <cls> and DPM. Fig. 4(a)
evaluates the memory module hyper-parameter, based on which a memory length
of 64 is selected. Fig. 4(b) compares different MLM backbones, showing improved
performance with stronger models. Robustness tests in (c) and (d) demonstrate
our model stability under missing tabular variables and visit scenarios.

4 Conclusion

We present ENIGMA, an MLM-based framework for longitudinal disease fore-
casting with explanatory outputs. It integrates multimodal encoding and dual
population memory to capture heterogeneous data and cohort-level patterns for
enhanced predictive reasoning. Trained with automatically generated interpre-
tation summaries, ENIGMA improves scalability without expert annotation. By
producing structured explanations alongside predictions, it mitigates black-box
limitations and enhances interpretability. Experiments on ADNI demonstrate
improved forecasting accuracy and explanation quality.
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