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ABSTRACT

Objective: Graft-versus-host disease (GVHD) is a rare but often fatal complication in liver transplantation, with a very
high mortality rate. By harnessing multi-modal deep learning methods to integrate heterogeneous and imbalanced
electronic health records (EHR), we aim to advance early prediction of GVHD, paving the way for timely intervention
and improved patient outcomes.
Materials and Methods: In this study, we analyzed pre-transplant electronic health records (EHR) spanning the
period before surgery for 2,100 liver transplantation patients, including 42 cases of graft-versus-host disease (GVHD),
from a cohort treated at Mayo Clinic between 1992 and 2025. The dataset comprised four major modalities: patient
demographics, laboratory tests, diagnoses, and medications. We developed a multi-modal deep learning framework
that dynamically fuses these modalities, handles irregular records with missing values, and addresses extreme class
imbalance through AUC-based optimization.
Results: The developed framework outperforms all single-modal and multi-modal machine learning baselines,
achieving an AUC of 0.836, an AUPRC of 0.157, a recall of 0.768, and a specificity of 0.803. It also demonstrates the
effectiveness of our approach in capturing complementary information from different modalities, leading to improved
performance.
Discussion: Our multi-modal deep learning framework substantially improves existing approaches for early GVHD
prediction. By effectively addressing the challenges of heterogeneity and extreme class imbalance in real-world EHR,
it achieves accurate early prediction.
Conclusion: Our proposed multi-modal deep learning method demonstrates promising results for early prediction of
a GVHD in liver transplantation, despite the challenge of extremely imbalanced EHR data.
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INTRODUCTION

Graft-versus-host disease (GVHD) in liver transplantation
(LT) is a rare yet fatal immune complication, with a reported
incidence of approximately 0.5–2% and mortality rates ex-
ceeding 75%1–3. It arises when donor-derived immune
cells mount an attack against recipient tissues, triggering
systemic inflammation and multi-organ dysfunction. Early
detection of GVHD in liver transplantation remains particu-
larly challenging. Its extreme rarity limits large-scale stud-
ies and systematic evaluation of risk factors. In addition,
patients often present with nonspecific symptoms such as
rash and diarrhea, which are easily mis-attributed to in-
fections, drug toxicity, or acute rejection4. The absence

of reliable clinical biomarkers or predictive models for pre-
transplant risk assessment further hinders early diagnosis.
Consequently, GVHD is often recognized only after it has
progressed to advanced stages, and such delayed diag-
nosis contributes to the persistently high mortality, under-
scoring the urgent need for accurate and timely prediction
methods.

Recent advances in electronic health records (EHRs)
provide a promising avenue to address this gap. Liver
transplant candidates undergo extensive preoperative
evaluation, generating rich multi-modal data encompass-
ing demographics, laboratory tests, diagnosis, and medi-
cation histories. The collected records enable data-driven
clinical discovery beyond traditional clinical assessment5.
In particular, deep learning methods have demonstrated
strong capabilities across diverse clinical prediction tasks
on existing EHR benchmarks6–8, including mortality pre-
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diction9, readmission prediction10, adverse event detec-
tion11,12, and treatment recommendation13–15. By uncov-
ering complex temporal patterns in patient trajectories,
deep learning establishes a foundation for predictive mod-
els that may enable earlier identification of GVHD, which
has been demonstrated in hematopoietic stem cell trans-
plantations16–18.

However, real-world EHRs are highly heterogeneous, ir-
regularly sampled, and plagued by extensive missingness.
In addition, the extreme class imbalance of GVHD out-
comes in liver transplant patients makes it particularly dif-
ficult to learn robust and discriminative patterns for pre-
diction. These challenges hinder most prior methods de-
veloped on relatively organized benchmark datasets, leav-
ing early GVHD prediction in liver transplantation largely
underexplored within clinical informatics. To the best of
our knowledge, the only related work has focused on post-
transplant settings and relied on specialized and donor-
recipient information19, which is not readily available. To
date, no study has investigated pre-transplant EHR for
early GVHD prediction.

To this end, we propose a multi-modal deep learning
framework for early GVHD prediction in liver transplanta-
tion based solely on pre-transplant EHR data. Our study
uses a cohort of 2,100 liver transplant recipients treated
at Mayo Clinic between 1992 and 2025, among whom 42
developed GVHD. We integrate four major modalities (i.e.,
demographics, laboratory tests, diagnoses, and medica-
tions) into a unified predictive model. Our main contribu-
tions are summarized as follows:

• Multi-modal framework: We present the first pre-
transplant GVHD prediction framework in liver trans-
plantation, capturing predictive signals across hetero-
geneous modalities.

• Robust modeling: We design modality-specific en-
coders to handle irregular intervals and substan-
tial missingness, apply cross-modal fusion to extract
complementary predictive signals, and incorporate
AUC-based optimization to ensure robust learning un-
der extreme class imbalance.

• Comprehensive validation: On the Mayo Clinic co-
hort, our method achieves promising predictive per-
formance (AUC = 0.836, AUPRC = 0.157, recall =
0.768, specificity = 0.803), consistently outperforming
both traditional machine learning and state-of-the-art
deep learning baselines. Ablation studies further val-
idate the effectiveness of our proposed components,
highlighting the benefits of handling irregular intervals
and missingness as well as leveraging complemen-
tary information across modalities.

Collectively, these results demonstrate that multi-modal
heterogeneous EHR modeling with imbalance-aware opti-
mization enables earlier GVHD identification, supporting

timely intervention and ultimately improving patient out-
comes in liver transplantation.

MATERIALS AND METHODS

Primary Cohort for Multi-modal GVHD Prediction

We curated a cohort of liver transplantation (LT) recipi-
ents treated at the Mayo Clinic between 1992 and 2025
to enable multi-modal prediction of GVHD20. All patients
who underwent LT during this period were initially eligi-
ble. To ensure that all utilized data reflected adult clini-
cal profiles, we excluded patients who were younger than
18 years at any point within the three-year pre-transplant
observation window. This criterion is equivalent to ex-
cluding individuals younger than 21 years at the time of
transplantation. After applying the age filter, the cohort
comprised 42 GVHD cases and 8,350 controls. To bal-
ance computational feasibility while preserving all positive
cases, we retained all 42 GVHD cases and randomly se-
lected 2,058 controls, yielding a final analytic cohort of
2,100 adult LT recipients, of whom 42 (2.0%) developed
GVHD post-transplant. GVHD outcomes were identified
from structured diagnostic codes and subsequently vali-
dated through manual chart review by transplant hepatol-
ogists to ensure clinical accuracy. The primary prediction
target was the occurrence of GVHD following LT, formu-
lated as a binary classification task characterized by se-
vere class imbalance.

All available pre-transplant records were extracted and
processed into structured formats as model inputs for each
patient. Four major data modalities were used: demo-
graphic information, laboratory test results, diagnosis data,
and medication administration records.

Demographics. This modality includes 4 features: gen-
der, race, ethnicity, and age. The median age at transplan-
tation was 59 years (range: 22–76), with a mean of 56.7
years. Overall, 65.1% of patients were male and 34.9%
female. Most patients identified as White (87.2%), fol-
lowed by other race (4.4%), Asian (3.6%), Black (3.5%),
and unknown (1.4%). In terms of ethnicity, 84.0% were
non-Hispanic, 14.0% Hispanic, and 1.9% were unknown
or declined to answer.

Diagnosis. This modality includes 20 symptom-related
diagnoses extracted from structured records up to the
three years preceding transplantation. Diagnoses were
aggregated every three months as a union of visits,
yielding a temporal sequence of diagnosis representa-
tions. The included diagnoses span hepatic, respiratory,
metabolic, infectious, and treatment-related conditions rel-
evant to transplant risk.

Drug. This modality captures the daily administration
of 280 commonly used inpatient drugs during the 24 ob-
servations preceding liver transplantation, aggregated at a
1-day interval. For each day, the feature represents the
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count of administered doses for each drug. The drugs
span a wide range of classes, including antibiotics and
antimicrobials (e.g., meropenem, vancomycin), electrolyte
management agents (e.g., sodium bicarbonate, potassium
chloride), analgesics and sedatives (e.g., fentanyl, mor-
phine, midazolam), endocrine/metabolic therapies (e.g.,
various forms of insulin), immunosuppressants and corti-
costeroids (e.g., tacrolimus, prednisone), and liver-specific
agents (e.g., lactulose, rifaximin). The remaining drugs en-
compass a heterogeneous group of pharmacologic cate-
gories.

Lab Test. This modality includes 74 laboratory test
variables, extracted using a fixed 1-hour context window
across the 24 most recent observations prior to trans-
plantation. Each observation captures the last available
test result within the corresponding window. The se-
lected tests span diverse clinical categories, including liver
function (e.g., AST, ALT, bilirubin), renal function (e.g.,
BUN, creatinine), coagulation (e.g., INR, APTT, fibrino-
gen), hematology (e.g., hemoglobin, platelets, WBC), and
electrolytes/metabolites (e.g., sodium, potassium, bicar-
bonate, calcium). The overall missing ratio was 72.9%,
reflecting the inherent sparsity of laboratory data due to
on-demand and irregular testing patterns in real-world clin-
ical practice. Note that all three temporal modalities were
constructed from records spanning one or multiple clinical
visits. As such, the time steps are not necessarily consec-
utive and may reflect irregular intervals between observa-
tions.

The study protocol was approved by the Mayo Clinic In-
stitutional Review Board (IRB), and all data access and
analyses were conducted in accordance with institutional
guidelines, HIPAA regulations, and applicable ethical stan-
dards.

Table 1. Summary statistics across all modalities.

Modality #Features #Steps Interval
Demographics 4 – –
Lab Test 74 24 1-hour
Diagnosis 20 12 3-month
Drug 280 24 1-day

Multi-modal Deep Learning Framework for GVHD Pre-
diction in Liver Transplantation

Notation. First, we introduce the notations for the model
inputs of each modality. We denote the whole EHR input
as: X =

{
Xdemo, Xlab, Xdx, Xdrug}

, where Xdemo ∈
RFde , Xlab ∈ RTlab×Flab , Xdx ∈ RTdx×Fdx , Xdrug ∈
RTdr×Fdr , T(·) denotes the number of time steps and F(·)
denotes the feature dimension.

Each temporal modality is accompanied by a global time
index g(·) ∈ [0, 1]T(·) , which represents T(·) irregular steps
across one or multiple clinical visits within the full look-back

period for each patient. Due to the on-demand nature of
laboratory testing, a binary mask M ∈ RTlab×Flab is also
provided, where Mi,j = 1 indicates that the j-th lab test at
time step i is observed, and 0 otherwise.
Modality Encoding. Next, we introduce the encoding
component for each modality, as shown in Figure 1. Each
encoder maps the raw input X(·) into a compact latent rep-
resentation. For temporal modalities, the encoder further
accounts for irregular time steps and missing patterns.

Demographics Encoder. For static demographic fea-
tures Xdemo, we apply a two-layer feed-forward network
to embed these attributes into a latent representation with
dimensionality ddemo:

Hdemo = FFN(Xdemo) ∈ Rddemo

which provides static contextual information that anchors
the integration with dynamic temporal signals.

Irregular Diagnosis Encoder. Given the sparse and
irregular nature of clinical encounters, each diagnosis se-
quence is modeled using a Gated Recurrent Unit (GRU)21

to iteratively capture dependencies among diagnostic
events. To account for non-uniform intervals within and
across visits, the global time index gdx ∈ [0, 1]Ndx is
concatenated with the input feature vector at each step,
thereby informing the recurrent process:

Hdx = GRU(Xdx∥gdx) ∈ Rddx

where ∥ denotes the concatenation operator across fea-
ture dimension, ddx denotes the dimensionality of obtained
representations.

Irregular Missing-aware Lab Test Encoder. We first
construct the lab-specific temporal embedding P as a
trigonometric function of the global time index glab, mod-
ulated by learnable frequency components, which amor-
tizes the effect of missing values in individual irregular lab
test records.

P = A Ψ⊤
sin(glab) + B Ψ⊤

cos(glab) ∈ RTlab×Flab ,

where A, B ∈ RTlab×K are learnable coefficient matrices,
and Ψsin, Ψcos ∈ RK×Flab are Fourier basis functions ap-
plied to global time index glab, with K ≪ Tlab components.

To enrich the representations, we perform a masked di-
mension extension: the observed lab value at each time
step is fused with the temporal embedding and lifted into
a higher-dimensional space via a generic two-layer feed-
forward network, while the missing values are encoded
solely by the temporal embedding:

hlab,0
i,j =

{
FFN

(
xlab

i,j , pi,j

)
, Mi,j = 1

FFN
(
pi,j

)
, Mi,j = 0

This design enables missing lab entries to be imputed
through learnable time-informed embeddings, while simul-
taneously augmenting observed values with temporal con-
text. The fused representations Hlab,0 augmented with
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Figure 1. Early prediction of Graft-versus-host disease (GVHD) in liver transplantation using multi-modal EHRs.

glab are then encoded by a GRU to capture the temporal
evolution of lab test trajectories.

Hlab = GRU(Hlab,0∥glab) ∈ Rdlab

Irregular Drug Encoder. Given the high-dimensional
and irregular daily drug records, we concatenate the in-
put with global time index to enrich temporal awareness.
We apply two-dimensional convolutional neural networks
whose kernels span the entire feature dimension, while
sliding along the temporal axis. This design captures lo-
cal temporal dependencies together with global co-usage
patterns across medications. Global average pooling is
subsequently applied to obtain a compact representation:

Hdrug = Conv2D(Xdrug∥gdrug) ∈ Rddrug .

Empirically, this design outperforms GRU-based alterna-
tives on the drug modality, as convolutional filters better
exploit the high-dimensional co-occurrence structure while
alleviating sparsity.
Cross-modal Fusion for GVHD Prediction. With
modality-specific representations Hdemo ∈ Rddemo , Hdx ∈
Rddx , Hlab ∈ Rdlab , and Hdrug ∈ Rddrug , we first perform
an optional per-modality dimension alignment via MLP to
obtain a common embedding size d:

H̃m = Φm(Hm) ∈ Rd, m ∈ {demo, lab, dx, drug}

After alignment, these representations are stacked into a
unified collection of modality vectors.

Z =
[
H̃demo∥H̃lab∥H̃dx∥H̃drug]

∈ R4×d

To contextualize salient cross-modal patterns for GVHD
prediction, we project Z into queries, keys, and values, and
apply a multi-head scaled dot-product attention with resid-
ual connections and normalization. This design captures
cross-modal interactions22, uncovering predictive signals
for GVHD from the interplay of lab trajectories, medica-
tions, and diagnostic context.

Z′ = LayerNorm (Z + MultiHeadAttention(Z)) .

Finally, the fused representation Z′ is flattened, fed into
a two-layer feed-forward neural networks and activated by
a sigmoid function:

ŷ = Sigmoid (FFN(Z′))

where ŷ ∈ [0, 1] denotes the prediction score of GVHD.
Learning Objective. Given the extreme imbalance of
GVHD outcomes, we adopt a direct AUC optimization
framework instead of conventional cross-entropy. Specifi-
cally, we employ the Pairwise AUC Margin Loss23,24, which
encourages higher prediction scores for positive (GVHD)
patients compared to negative ones. Formally, for a posi-
tive instance i and negative instance j, the objective is:

LAUC = 1
|P||N |

∑
i∈P

∑
j∈N

log
(
1 + exp

(
− (ŷi − ŷj)

))
where P and N denote positive and negative sets, respec-
tively, exp(·) is the exponential function ex, and log(·) is the
natural logarithm.

To improve efficiency under severe imbalance, we use a
dual sampler that adaptively pairs each positive case with
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Table 2. Performance Evaluation of the proposed method and baselines.

Graft-versus-host disease (GVHD)

Method ↓ AUC AUPRC Recall Specificity

Logistic Reg. 0.563 ± 0.003 0.053 ± 0.008 0.358 ± 0.060 0.808 ± 0.056
SVC 0.723 ± 0.010 0.055 ± 0.003 0.719 ± 0.029 0.627 ± 0.022

Random Forest 0.633 ± 0.006 0.048 ± 0.008 0.374 ± 0.051 0.789 ± 0.039
AdaBoost 0.617 ± 0.030 0.039 ± 0.009 0.615 ± 0.149 0.605 ± 0.090

Gradient Boost 0.513 ± 0.018 0.031 ± 0.003 0.162 ± 0.128 0.814 ± 0.084
XGBoost 0.660 ± 0.013 0.054 ± 0.006 0.657 ± 0.020 0.646 ± 0.004

RAIM 0.710 ± 0.022 0.135 ± 0.014 0.644 ± 0.066 0.688 ± 0.053
F-LSTM 0.738 ± 0.012 0.107 ± 0.015 0.676 ± 0.067 0.703 ± 0.060
F-CNN 0.764 ± 0.012 0.147 ± 0.008 0.737 ± 0.015 0.651 ± 0.011

F-Transformer 0.718 ± 0.009 0.072 ± 0.009 0.732 ± 0.087 0.606 ± 0.073
Dipole 0.725 ± 0.006 0.120 ± 0.021 0.715 ± 0.040 0.641 ± 0.057

Ours 0.836 ± 0.007 0.157 ± 0.014 0.768 ± 0.061 0.803 ± 0.053

a dynamically selected subset of negatives, thereby avoid-
ing exhaustive pairwise comparisons while preserving in-
formative gradients. Optimization is carried out with the
Proximal Epoch Stochastic Gradient (PESG) optimizer23,
which integrates stochastic gradient descent with dual vari-
able updates for provable convergence and stable AUC
maximization. Importantly, this AUC-oriented objective
emphasizes correct ranking of high-risk GVHD patients
against the majority of non-GVHD cases, aligning directly
with the clinical need for early identification of rare but
life-threatening complications. This prioritization ensures
the model remains sensitive to early warning signals, even
when positive cases are extremely scarce.

Baselines, Implementation, and Experiment Setup

We first introduce the details for replication of multi-modal
baseline methods. For traditional baselines, we construct
multi-modal patient-level features by aggregating across
all available modalities. Demographics are directly in-
cluded as static covariates. For diagnoses, we apply a
simple binary indicator, marking whether a patient has any
diagnosis codes across the observation window. Labora-
tory results are first filled using mean imputation across the
cohort. From the imputed values, we compute mean, min-
imum, and maximum for each lab test across time, and
concatenate these as fixed-length features. For drugs,
we collapse drug exposures by summing over time, yield-
ing total counts per drug. Finally, the selected modality-
specific features are concatenated into a single vector.
This design reduces heterogeneous temporal EHR data
into standardized, patient-level inputs that can be directly
consumed by traditional machine learning models (e.g., lo-
gistic regression, random forest, boosting methods). We
implemented deep learning baselines including RAIM25,
Dipole26, F-LSTM/CNN11, and a Transformer-based vari-

ant (F-Transformer). For these baselines, we iterate over
three temporal modalities as the major modality while ag-
gregating the others as covariates (following the same pro-
cedure used in the traditional baselines) for cross-modal
integration and interaction. We reported the best per-
formance across the three configurations, using the AUC
score as the primary evaluation criterion. All deep learning
baselines are also optimized using Pairwise AUC Margin
Loss to alleviate class imbalance.

Next, we introduce the experiment settings for evalua-
tion. All input features are standardized using a standard
scaler. The number of learnable frequency components is
set to K = 12. All modality encoders use a hidden di-
mension of 32 (ddemo = dlab = ddx = ddrug = 32), and
the feed-forward layers have a hidden size of 128. Training
is performed with a batch size of 64 and a dual sampler
ratio of 0.5 to balance positive and negative pairs, using
the PESG optimizer with a learning rate of 0.001 for AUC
maximization. or other deep learning baselines, we use
a hidden size of 128 and optimize with Adam27 using the
same batch size and learning rate. We adopt stratified 5-
fold cross-validation that preserves the class imbalance,
repeated over 3 random seeds. We report the mean and
standard deviation of AUC, AUPRC, Recall, and Speci-
ficity.

RESULTS

Results of Baseline Comparisons, Ablation Study, and
Model Analysis

Table 1 summarizes the characteristics of the four elec-
tronic health record modalities included in this study. De-
mographic data consisted of 4 static features. Labora-
tory data consisted of 74 features measured across 24
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Table 3. The ablation study of input modalities for early GVHD prediction.

Modalities Graft-versus-host disease (GVHD)

Demo. Dx. Lab. Drug AUC AUPRC Recall Specificity

✓ ✓ ✗ ✗ 0.708 ± 0.032 0.081 ± 0.038 0.611 ± 0.079 0.703 ± 0.044
✓ ✗ ✓ ✗ 0.692 ± 0.008 0.061 ± 0.015 0.680 ± 0.056 0.642 ± 0.066
✓ ✗ ✗ ✓ 0.762 ± 0.009 0.118 ± 0.013 0.585 ± 0.095 0.817 ± 0.051
✓ ✓ ✓ ✗ 0.754 ± 0.011 0.060 ± 0.007 0.729 ± 0.036 0.659 ± 0.057
✓ ✗ ✓ ✓ 0.771 ± 0.008 0.128 ± 0.030 0.681 ± 0.062 0.756 ± 0.041
✓ ✓ ✗ ✓ 0.822 ± 0.017 0.147 ± 0.012 0.671 ± 0.038 0.813 ± 0.064

✓ ✓ ✓ ✓ 0.836 ± 0.007 0.157 ± 0.014 0.768 ± 0.061 0.803 ± 0.053

one-hour intervals. Diagnosis data comprised 20 features
aggregated into 12 steps, each representing a 3-month
interval. Medication (Drug) data included 280 features
recorded over 24 steps with a daily resolution. The granu-
larity and temporal ranges were determined in consultation
with clinical experts and validated through empirical exper-
iments for each modality.

Table 2 presents the performance of the proposed
framework compared with traditional machine learning
methods and deep learning baselines for early GVHD pre-
diction. Among the traditional machine learning meth-
ods, Support Vector Classifier (SVC) achieved the high-
est AUC (0.723 ± 0.010) and recall (0.719 ± 0.029), while
Gradient Boosting obtained the highest specificity (0.814
± 0.084). Overall, deep learning baselines generally
outperformed traditional methods, particularly in terms of
AUC and AUPRC. Within the deep learning group, F-CNN
yield the stronger performance in terms of AUC (0.764 ±
0.012) and recall (0.737 ± 0.015), whereas TANet reached
the highest AUPRC (0.148 ± 0.016). Notably, the pro-
posed framework demonstrated the most consistent im-
provements across evaluation metrics, achieving the best
overall AUC (0.836 ± 0.007), the highest AUPRC (0.157 ±
0.014), a leading recall (0.768 ± 0.061), and the second-
best specificity (0.803 ± 0.053).

Table 3 reports the ablation results evaluating the con-
tribution of different modalities for early GVHD prediction.
Using demographics combined with diagnoses achieved
an AUC of 0.708 ± 0.032, while demographics with labora-
tory tests reached an AUC of 0.692 ± 0.008. Incorporating
drugs along with demographics resulted in stronger per-
formance (AUC 0.762 ± 0.009, AUPRC 0.118 ± 0.013),
with the highest specificity observed in this setting (0.817
± 0.051). Overall, adding multiple modalities consistently
enhanced performance. For instance, combining demo-
graphics, diagnoses, and drugs yielded an AUC of 0.822
± 0.017 and an AUPRC of 0.147 ± 0.012, both higher
than any two-modality configuration. The best overall per-
formance was observed when all four modalities were in-
tegrated, with results surpassing all ablation settings.

The left subplot of Figure 2 illustrates the contribution of

different model components to early GVHD prediction. Re-
moving the global time index resulted in a decrease of AUC
to 0.805 and AUPRC to 0.146, with recall and specificity
at 0.747 and 0.727, respectively. Excluding the missing-
aware design further reduced AUC to 0.800 and AUPRC
to 0.125, accompanied by recall of 0.739 and specificity of
0.712. Without the cross-modal fusion module, the model
achieved an AUC of 0.801 and an AUPRC of 0.141, with
recall of 0.710 and specificity of 0.731. When all com-
ponents were included, our model achieved the strongest
performance.

The right subplot compares different optimization strate-
gies for handling class imbalance in early GVHD predic-
tion. Using Binary Cross Entropy (BCE) alone resulted in
an AUC of 0.772, an AUPRC of 0.107, a recall of 0.715,
and a specificity of 0.710. Incorporating progressive sam-
pling with BCE improved performance slightly, yielding an
AUC of 0.781, an AUPRC of 0.122, recall of 0.713, and
specificity of 0.723. The AUC optimization consistently
achieved the best performance across all evaluation met-
rics, improving by a clear margin compared with the other
variants.

DISCUSSION

In this study, we developed a multi-modal deep learning
framework to predict GVHD prior to liver transplantation
surgery, using the EHRs of a real-world cohort from Mayo
Clinic. Based on the reported results, we highlighted three
key observations: (1) Complementary predictive value
of modalities. Different temporal modalities provide dis-
tinct but complementary signals for early GVHD predic-
tion, where effective integration strategies are crucial. (2)
Importance of handling data irregularity and missing-
ness. Robust methods that account for irregular and miss-
ing records improve predictive performance. (3) Address-
ing severe class imbalance. The extreme imbalance be-
tween GVHD and non-GVHD cases hinders model perfor-
mance. Our integration of direct AUC optimization proved
effective in mitigating this issue, leading to more reliable
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Figure 2. Left: Analysis of model components, Right: Comparison of optimization methods handling class imbalance.

early detection.
Our first key finding is that multi-modal EHR data cap-

ture diverse clinical signals essential for early GVHD pre-
diction. As shown in Table 3, incorporating additional
modalities consistently improves predictive performance
across all combinations. Among the individual tempo-
ral sources, drug exposure data stood out with a rela-
tively high AUC (0.762 ± 0.009) and the highest speci-
ficity (0.817 ± 0.051), suggesting that medication patterns
prior to transplant may contain strong predictive cues for
downstream complications. Diagnosis history also con-
tributed positively, especially when combined with drug
data, yielding the second-best overall performance (AUC:
0.822 ± 0.017; AUPRC: 0.147 ± 0.012; Specificity: 0.813
± 0.064). This synergy likely reflects the clinical con-
text in which diagnosis and medication co-evolve, provid-
ing a proxy for evolving patient status. Adding laboratory
measurements further strengthened predictive accuracy,
as they capture dynamic indicators of immune activation,
organ dysfunction, and other early clinical signs of GVHD,
culminating in the best results when all four modalities are
used.

As reported in Table 2, our method outperformed both
traditional machine learning and deep learning baselines.
Traditional models, which rely on summarizing statistics
concatenated across modalities, are limited in their ability

to capture temporal dependencies. Similarly, several deep
learning baselines focus on one primary temporal stream
while incorporating other modalities as static covariates
for cross-modal interactions. In contrast, our framework
performs end-to-end learning across all temporal modali-
ties, enabling joint modeling of fine-grained temporal pat-
terns and inter-modality dependencies. This design en-
ables richer cross-modal interactions, such as associating
changes in diagnosis with concurrent medication adjust-
ments, thereby uncovering subtle yet clinically meaning-
ful patterns. By using self-attention across modalities, our
framework learns to align temporally heterogeneous sig-
nals in a dynamic manner. As shown in Figure 2, remov-
ing the cross-modal fusion mechanism resulted in a no-
table drop in AUC (from 0.836 to 0.801) and AUPRC (from
0.157 to 0.141), underscoring the importance of effective
integration in capturing synergistic signals across hetero-
geneous clinical modalities.

Our second key observation underscores the impor-
tance of robust mechanisms for handling data irregular-
ity and missingness in multi-modal EHRs. As shown in
the component analysis of Figure 2, removing either the
global time index or the missing-aware design resulted in
consistent performance degradation across all evaluation
metrics. The global time index serves as a unified temporal
reference that aligns asynchronous events across modal-
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ities, while the missing-aware design captures patterns of
informative absence, which may reflect underlying clinical
intent or patient stability. Notably, removing the missing-
aware component led to a substantial drop in AUPRC,
from 0.157 to 0.125, reflecting degraded detection of rare
GVHD cases under imbalance.

Our third key observation emphasizes the importance of
directly addressing the extreme class imbalance in GVHD
prediction. As shown in the optimization analysis of Fig-
ure 2, conventional training using BCE loss yields subop-
timal performance, particularly in AUPRC (0.107). Even
when combined with progressive sampling that empha-
sizes rare positive instances in the early training stage, the
improvement is marginal. In contrast, our approach us-
ing direct AUC optimization achieves a substantial boost in
both AUC (from 0.772 to 0.836) and AUPRC (from 0.107 to
0.157), indicating better ranking and detection of rare pos-
itive cases. Additionally, specificity improves from 0.710 to
0.803 without sacrificing recall. The reported performance
gains underscore the value of AUC optimization in learning
more discriminative decision boundaries for early GVHD
prediction.

CONCLUSION REMARK AND FUTURE WORK

In this study, we present a multi-modal deep learning
framework for early prediction of graft-versus-host dis-
ease (GVHD) prior to liver transplantation, using heteroge-
neous pre-transplant EHR data. Using a real-world cohort
from Mayo Clinic, we integrated demographics, laboratory
tests, diagnoses, and medications into a unified predictive
model. Through modality-specific encoding, cross-modal
fusion, and direct AUC optimization, our method achieved
strong performance under extreme class imbalance. Ex-
tensive evaluations underscore the advantages of our pro-
posed method over baselines and the effectiveness of its
components, showing the potential of early GVHD detec-
tion in liver transplantation.

This work has two primary limitations: (1) potential co-
hort bias, as the dataset was derived from a single institu-
tion, and (2) limited model interpretability. In future work,
we plan to expand the cohort by incorporating more di-
verse patient populations from the Mayo Clinic Platform28

and to enhance explainability through case-based reason-
ing14,29,30 and modality gating mechanisms31,32 that quan-
tify feature contributions across data modalities.
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