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Abstract. Aging is complex and heterogeneous. A person’s chronologi-
cal age (CA) cannot reflect individual aging trajectories which prompted
investigations for biological age (BA). Accurate estimation of BA there-
fore requires to account for the combined influence of structural, func-
tional, and physiological factors on the aging process. BA progresses
heterogeneously across organs, motivating models that integrate mul-
tiple data types to capture this complexity. Existing BA models how-
ever often rely on single organs or limited biomarkers, restricting holistic
assessment. Overcoming these constraints requires multimodal models
that better reflect the distributed nature of aging. We propose a multi-
modal contrastive regression framework that jointly learns from MRI and
structured clinical variables to estimate organ-specific BA. A contrastive
regression loss structures the latent space to reflect continuous age differ-
ences both within and across modalities. Applied to a large population
cohort, this approach produces well-structured latent embeddings, im-
proves age estimation relative to unimodal systems, and reveals charac-
teristic age-gap patterns in healthy and diseased subgroups. The results
demonstrate that combining MRI with complementary tabular features
strengthens BA estimation and supports a comprehensive multi-organ
view of aging.
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1 Introduction

The risk of developing many prevalent diseases, including cardiovascular disease
[23, 26], cancer [8], and neurodegenerative disorders [20, 7], increases significantly
with advancing age. Accurate assessment of an individual’s aging process offers
valuable insights into health status and disease risk. Conventionally, chronolog-
ical age (CA) is used as the proxy for aging, but it only reflects time since
birth and does not capture the complex interplay of genetic, environmental, and
lifestyle factors that drive functional decline. In this regard, biological age (BA)
reflects the functional state of organs and tissues beyond CA. However, estimat-
ing BA remains challenging due to the absence of a definitive ground truth and
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the heterogeneous aging trajectories observed across different organ systems [33].
Prior efforts to estimate BA have relied primarily on molecular profiles [17, 14],
laboratory measurements [24, 30], or functional tests [29, 25]. However, they cap-
ture only part of the aging process and overlook organ-specific variations.
The recent rise of deep learning has enabled to derive aging information di-
rectly from medical images, including Magnetic Resonance Imaging (MRI) [16,
10, 5], Computed Tomography (CT) [1], and X-ray [18]. Despite growing inter-
est in organ-specific aging, no established organ-specific age predictors exist.
Assessing BA therefore requires external validation using biological or clinical
characteristics measured within the same individuals.
In the absence of such reference standards, and given the multifactorial nature
of aging, we hypothesize that integrating complementary data sources may im-
prove robustness and biological relevance of BA estimates. Previous multimodal
learning studies paired structured clinical information with imaging inputs in-
cluding MRI [13], CT [12], or chest radiographs [35]. Other works link tabular
variables with time series signals like electrocardiographic data [32]. These ap-
proaches vary mainly in encoder design and fusion strategy and primarily focus
on classification, while regression tasks remain underexplored.
In multimodal learning, self-supervised contrastive learning has emerged as a
powerful pre-training strategy [13], grouping subjects with similar properties in
the latent space. While this naturally supports classification, regression tasks
require additional structure to reflect the ordering of continuous targets [9, 3].
Building on these advances, we propose a multimodal contrastive regression
framework for organ-specific BA estimation. Our contribution is twofold: first,
we extend imaging-based single-organ age estimation to a multiorgan frame-
work. Second, we propose a multimodal contrastive regression model combining
MRI with complementary tabular features, including lifestyle factors, blood-
based measures, and imaging-derived biomarkers, to predict BA in six organ
systems: brain, heart, liver, kidneys, spleen, and pancreas. Training on a healthy
UK Biobank cohort using CA captures normative aging patterns, while testing is
performed on a mixed subgroup. By jointly exploiting imaging and tabular data,
our results highlight the value of combining complementary information for ac-
curate, organ-specific BA assessment (code available at https://github.com/lab-
midas/multimodal-age).

2 Materials and Methods

2.1 Data

The study uses the UK Biobank cohort, containing health information from
adults aged 44 to 83 years across the UK, including extensive phenotypic in-
formation and imaging data. Available MRI scans include 3D MPRAGE brain,
2D+time cardiac cine, and 3D abdominal Dixon VIBE from ∼70,000 partici-
pants. Brain images were skull stripped and aligned to MNI152 space. [11]. Af-
ter segmentation using two pre-trained segmentation models [2, 19], cardiac and
abdominal images were cropped to extract organ-volumes of heart, liver, spleen,



Multimodal contrastive regression for organ-resolved biological age prediction 3

Imaging input

Tabular input

Image 
encoder fimg

Tabular
encoder ftab

Projection
head gimg

Projection
head gtab

Prediction
head hage

train

test

BA ≈ CA

BA ≠ CA

train

test

BA ≈ CA

BA ≠ CA

Subject Sex Smoking …

00001 2 1

00002 1 0

… … …

N 2 0

ŷ

Embedding space

Increasing
age label

y = 81 years

y = 55 years

y = 46 years

y = 53 years

>
 <

brain heart kidneyliver spleenpancreas
00001

00002

zimg

ztab

Fig. 1. Overview of the contrastive framework for organ-specific biological age (BA)
estimation. Organ-specific imaging and tabular inputs are split into a healthy training
cohort and a mixed (healthy and diseased) test cohort. Contrastive pre-training orders
embeddings by age distance. After pre-training, a prediction head is trained using the
ordered feature embeddings as input to predict the age ŷ. During training we use
healthy controls where we can assume that BA ≈ chronological age (CA).

kidneys, and pancreas. For abdominal organs, the background was masked to
prevent shortcut learning through fat tissue outside target structures. For organ-
specific tabular data, we selected features linked to organ aging such as imaging-
derived biomarkers as well as blood-based measurements and lifestyle factors.
Specifically, variables were selected from organ-relevant domains, for example
cognitive tests for the brain; blood pressure parameters for the heart; different
blood biochemistry markers for the liver, spleen, and pancreas; urine biomark-
ers for the kidney. A full list of selected data fields is available in GitHub
(https://github.com/lab-midas/multimodal-age). Continuous variables were z-
score normalized, and cardinal categorical variables were one-hot encoded. For
downstream analysis, disease onset ages were derived from ICD-10 codes with
diagnosis dates and categorized as pre-existing or future relative to the imaging
time point.

2.2 Multimodal integration

Our framework adopts the SimCLR [13, 4] as a backbone with separate en-
coders and projection heads for image and tabular data (Fig. 1). For each
subject, imaging data ximg and tabular data xtab are processed by their respec-
tive encoder and projection branches. The image encoder fimg(·) is based on a
ResNet18 [15] modified to 3D data for leveraging spatial (brain, abdomen) or spa-
tiotemporal context (heart). The tabular encoder ftab(·) is a five-layer perceptron
with batch normalization and ReLU activations. The resulting embeddings are
mapped into a shared projection space through projection heads gimg and gtab.
Each projection head consists of two dense layers with layer normalization and
LeakyReLU activation, yielding final projections zimg = gimg(fimg(ximg)) ∈ R128

and ztab = gtab(ftab(xtab)) ∈ R128. These projections are then optimized in
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a shared embedding space to align the modalities according to their age label
difference.

2.3 Multimodal contrastive regression loss

In classification-based contrastive learning, embeddings of positive pairs are
pulled together while negative pairs are pushed apart. However, in regression
tasks, the labels are continuous, requiring the embedding space to follow a con-
tinuous structure rather than a categorical scheme. Accordingly, pairwise attrac-
tion should scale with label proximity. To adapt the standard InfoNCE loss [27],
we use a weighting factor based on a Gaussian kernel function wi,j = K(yi− yj)
[9, 3], where yi and yj are the continuous labels of samples i and j, respectively.
In a batch of size B, every sample j relative to the anchor i is initially treated
as a potential positive, but the weighting factor reduces the influence of pairs
with large label distance. Only samples with sufficiently similar age labels to yi
contribute meaningfully to the loss. This weighting scheme yields a contrastive
regression objective enforcing continuous structure in latent space. The toler-
ance margin for label similarity is controlled by the standard deviation σ of the
Gaussian kernel, which should be selected according to sample size, batch size,
and label distribution. To extend this formulation to the multimodal setting, we
apply the loss within and across modalities to align paired imaging and tabu-
lar embeddings while preserving label ordering. For an anchor i from modality
m ∈ {1, 2, ...,M}, candidates from all modalities contribute to the loss term lim :

lim =

M∑
n=1

B∑
j=1

1j ̸=i,n̸=m
wi,j∑B

j=1 1j ̸=iwi,j

(
− ln

sim,jn∑M
n=1

∑B
j=1 1j ̸=i,n̸=msim,jn

)
,

where the similarity is defined as sim,jn = exp(sim(zim , zjn)) using the cosine
similarity sim(·, ·). In our experimental setup, we consider two modalities (M =
2), yielding the final multimodal contrastive regression loss:

L =
1

BM

B∑
i=1

M∑
m=1

lim

2.4 Biological age prediction

Following contrastive pre-training, the learned ordered representations zm, m ∈
{img, tab}, are concatenated and serve as input to the age prediction head
(see Fig. 1). Unlike standard SimCLR, projection heads are retained, as the
projections zm preserve better age ordering than the raw embeddings. There-
fore, the encoder and projection heads could, in principle, be merged. The age
prediction head hage is a four-layer perceptron with batch normalization and
LeakyReLU activations, and a final linear layer to output the predicted age ŷi.
During this stage, encoder and projection weights remain frozen and the age
prediction head alone is optimized for age prediction using mean squared error
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MSE = 1
B

∑N
i=1 |ŷi− yi| loss with respect to the CA label. Since BA lacks direct

ground truth, we approximate it using CA within a carefully selected organ-
specific healthy cohort, assuming BA ≈ CA for this population. When applied
to mixed healthy and diseased cohorts, the predicted age gap PAGi = ŷi − yi is
interpreted as accelerated or decelerated biological aging.

3 Experimental Setting

Separate models were trained for each organ. A healthy subcohort was de-
fined by excluding participants with predefined organ-specific diagnoses from
UK Biobank records, allowing CA to serve as a proxy label within the healthy
cohort. The healthy cohort was split 70/30 into train and test sets. Due to organ-
specific imaging availability and exclusion criteria, training sample sizes ranged
from 19,128 (brain) to 30,641 (spleen). Data augmentation included resizing,
cropping, mirroring, and gamma adjustment. Contrastive pre-training was con-
ducted for 12 epochs on two A100 GPUs, followed by 10 epochs of training of
the age prediction head (batch size of 100, Adam optimizer [22]). The Gaus-
sian kernel parameter for the contrastive regression loss was selected using grid
search. After training, bias correction was performed using linear regression to
account for regression-to-the-mean effects.
In the absence of validated organ-specific BA predictors, no validated bench-
marks exist. Since previous approaches often rely on traditional machine learn-
ing or shallow networks, comparisons with deeper models are potentially unfair.
To provide an initial reference point for future external validation, we trained
a unimodal imaging-based baseline using a ResNet architecture [16]. However,
comparisons with this baseline should be interpreted with caution. To better
assess the role of multimodal fusion, unimodal ablation models (M = 1) were
also trained under the same settings as multimodal training. To gain further
insights into tabular performance, the tabular features in the unimodal experi-
ments were divided into imaging-derived biomarkers and non-imaging variables
and separately assessed using mean absolute errors MAE = 1

N

∑N
i=1 |ŷi − yi|.

In the absence of a direct ground truth and established organ-specific reference
methods, the model validation necessarily relies on external clinical and biologi-
cal metadata to assess whether prediction errors capture meaningful information.
To evaluate the clinical significance of predicted age gaps, we considered both
diagnostic and prognostic scenarios. We first compared average PAG between
individuals with pre-existing conditions and healthy controls. In the prognostic
analysis, left-truncated, right-censored Kaplan–Meier models assessed associa-
tions between PAG and time-to-disease.

4 Results and Discussion

Pre-training was mostly effective across all organs with few exceptions of spleen
and pancreas (Fig. 2). The loss enforced CA-ordered alignment within and across
imaging and tabular modalities. Tabular encoders were robust across organs,
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Fig. 2. Visualization of global patterns in imaging and tabular feature embeddings after
contrastive pre-training for all organs using principal component analysis plots. Color
grading shows age labels for imaging (yellow–red) and tabular (green–blue) features.

whereas image encoders depended on the strength of structural aging signals.
In the brain, strong markers of aging, including volumetric reductions in gray
and white matter [21], produced well-structured embeddings with few outliers. In
comparison, pancreas and especially spleen showed more outliers, consistent with
weaker visible aging markers. While Fig. 2 indicates coherent intra-modal order-
ing and broad multimodal alignment, it does not demonstrate explicit individual-
level alignment. After training, performance was assessed on a healthy test set as
lower MAE in mixed cohorts do not necessarily reflect better prediction. MAE
for the baseline ResNet models, multimodal models and unimodal ablations are
summarized in Fig. 3. Multimodal training effectively leveraged complementary
information in all organs, surpassing all unimodal models and baseline in all
organs. The ResNet baseline showed performance comparable to the unimodal
image model. Because no BA ground truth exists, comparisons should be in-
terpreted cautiously. Raw image and image-biomarker unimodal models worked
well in organs where aging produces clear structural changes, such as the brain,
but were less effective in organs with limited age-related imaging signals (kid-
ney, spleen, and pancreas). In organs with strong imaging markers of aging, raw
images supported better predictions. In organs with weak aging signals (spleen
and kidney) handcrafted image biomarkers performed better than raw images.
Tabular-only models were consistent across organs and generally outperformed
imaging-only models, except in the brain where imaging information was partic-
ularly informative.
By including participants with diseases, PAG can be interpreted as an indicator
of BA, providing insight into accelerated or decelerated organ aging. Diseased
subgroups were selected based on established links between organ aging and
common conditions (brain - Alzheimer’s disease [6, 5], pancreas - type II dia-
betes mellitus [31], kidney - chronic kidney disease [28, 34]). Consistent with
literature, average PAG appeared elevated in certain diseased subgroups comp-
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Fig. 3. Mean absolute errors of predicted ages in healthy test set for multimodal train-
ings and unimodal ablations.

sample size (N=3) not sufficient
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Fig. 4. a. Kernel density estimations of PAG (= predicted age - chronological age)
across organs for specific health outcomes, comparing subjects with pre-existing diag-
noses (orange) with healthy controls (blue). Mean values of PAG are shown for the
healthy cohort (dashed line) and diseased cohort (solid line). b. Kaplan-Meier survival
curves show time-to-event for accelerated (PAG > +SD), normative, and decelerated
(PAG < −SD) aging groups (SD = organ-specific standard deviation of PAG).

ared with healthy controls (Fig. 4a). Welch’s t-tests confirmed significant differ-
ences (p < 1.67 × 10−2; N = 3, Bonferroni-corrected) in mean PAG between
healthy and diseased groups (type II diabetes - pancreas: d = 0.59; chronic kid-
ney disease - left kidney: d = 0.27; right kidney: d = 0.30), suggesting that PAG
may reflect disease-related deviations in organ aging. To assess the prognostic
value of PAG, Kaplan–Meier analyses compared time-to-disease across acceler-
ated (PAG > +SD), normative, and decelerated (PAG < −SD) aging groups
(SD: organ-specific PAG standard deviation). Accelerated aging consistently
showed shorter time to onset (Fig. 4b), while differences between normative and
decelerated groups were smaller but most pronounced for Alzheimer’s disease,
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Fig. 5. Heatmap of Pearson correlation coefficients between predicted age gaps of brain,
heart, left kidney, right kidney, pancreas, and spleen. All results are statistically sig-
nificant with p < 2.38× 10−3 (21 tests, Bonferroni-corrected).

where decelerated brain aging had the highest event-free survival. Univariate Cox
regression confirmed significant differences (p < 1.25×10−2, N = 4, Bonferroni-
corrected) in hazard ratios (HR) for Alzheimer’s disease (HR = 4.56), type II
diabetes mellitus (HR = 1.58), and chronic kidney disease (left: HR = 1.27,
right: HR = 1.30).
Beyond disease associations, cross-organ correlations were examined to under-
stand systemic relationships (Fig. 5). Brain aging occurs relatively indepen-
dently, whereas abdominal organs and the heart are moderately correlated.
Strong correlations between the left and right kidneys reflect expected behavior
of bilateral organs. Overall, organs age heterogeneously but shared patterns are
visible across the system.
We acknowledge several limitations. Our framework assumes BA ≈ CA in a di-
agnosis excluded healthy cohort, although undiagnosed or unreported conditions
may still influence training. Moreover, normative aging is not defined solely by
the absence of disease, especially in older populations. Without ground truth BA
labels, this assumption remains a practical approximation currently used in the
field, supported by comprehensive UK Biobank National Health Service records.
Additionally, the older demographic of the cohort may limit generalization to
younger populations and immediate clinical applicability, motivating future val-
idation in the younger German National Cohort. External validation is further
restricted by the lack of organ-specific BA benchmarks. Epigenetic clocks [17, 14]
are well recognized but lack organ specificity. We therefore rely on examining ag-
ing related associations and plan phenome-wide association studies to strengthen
evaluation. Finally, limited age-related imaging signals in some organs may im-
pair training performance, which could be mitigated through advanced fusion
techniques in future work.
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5 Conclusion

In summary, our study demonstrates that integrating complementary aging in-
formation from MRI and structured health data through contrastive regression
benefits organ-specific BA estimation across six organs. Multimodal models out-
perform unimodal approaches, detect accelerated aging in diseased individuals,
and reveal cross organ aging patterns.
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