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Abstract

Aging is complex and heterogeneous. A person’s chronological age (CA) cannot reflect
individual aging trajectories which prompted investigations for biological age (BA). Ex-
isting BA models 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. Accurate estimation of BA therefore requires models that
capture the combined influence of structural, functional, and physiological factors on the
aging process. BA progresses heterogeneously across organs, motivating models that inte-
grate multiple data types to capture this complexity. We propose a multimodal contrastive
regression framework that jointly learns from MRI and structured clinical variables to esti-
mate organ-specific BA. A contrastive regression loss structures the latent space to reflect
continuous age differences both within and across modalities. Applied to a large population
cohort, this approach produces well-structured latent embeddings, improves age estimation
relative to unimodal systems, and reveals characteristic 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.

Keywords: Multimodal Data, Contrastive Regression, Biological Age, Multi-organ, Mag-
netic Resonance Imaging

1. Introduction

The risk of developing many prevalent diseases, including cardiovascular disease (Lakatta,
2002; North and Sinclair, 2012), cancer (DePinho, 2000), and neurodegenerative disorders
(Katzman and Saitoh, 1991; Corrada et al., 1995), increases significantly with advancing
age. Consequently, accurate assessment of an individual’s aging status provides prognos-
tically and diagnostically relevant information, offering better insights into health status
and disease risk. Conventionally, chronological age is used as the proxy for aging, but it
only reflects time since birth and does not capture the individual biological changes that
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drive functional decline. These individual differences result from a complex interplay of
genetic, environmental, and lifestyle factors. Biological age reflects the functional state of
organs and tissues beyond chronological age, offering insights into individual health, vul-
nerability to disease, and deviations from typical aging trajectories. The development of a
standardized, robust method to determine biological age remains an unresolved challenge in
medicine. One complicating factor is that different organs age at different rates (Tian et al.,
2023), requiring the determination of an organ-specific biological age to fully characterize
an individual’s health trajectory.

Prior efforts to estimate biological age have relied primarily on molecular profiles (Hor-
vath, 2013; Hannum et al., 2013; Meyer and Schumacher, 2021), laboratory measurements
(Le Goallec and Patel, 2019; Sagers et al., 2020), or functional tests (Rahman and Adjeroh,
2019; Nakamura et al., 1990). These methods have contributed important insights, but
each captures only part of the aging process and often produces one global estimate rather
than organ-specific values. The recent rise of deep learning has made it possible to derive
aging information directly from the rich, high-dimensional content of medical images, such
as Magnetic Resonance Imaging (MRI) (Ecker et al., 2024; Smith et al., 2019), Computed
Tomography (CT) (Azarfar et al., 2024), and X-ray (Ieki et al., 2022). Given the multi-
factorial nature of the aging process, it is hypothesized that leveraging multiple sources of
information is critical for accurate prediction. If accompanying electronic health records or
tabular information exists, there is a significant opportunity to jointly leverage multimodal
data to enhance the biological age estimation task. This concept has also been proven ben-
eficial in other domains (Boehm et al., 2022; Mohsen et al., 2022).

Previous multimodal learning studies have explored pairing structured clinical information
with imaging inputs including MRI (Hager et al., 2023), CT (Fang et al., 2021), or chest
radiographs (Zhou et al., 2023). Other works link tabular variables with time series signals
like electrocardiographic data (Stym-Popper et al., 2025). These approaches vary primarily
in the encoder design and in the fusion strategy. Most applications focus on classification
tasks, either to detect disease, such as Alzheimer’s disease (Chen et al., 2020a; K. P. and P.,
2021) and myocardial infarction (Sharma et al., 2021), or to predict disease onset, includ-
ing breast cancer metastasis (Ma et al., 2020), chronic hepatitis (Yanru Bai et al., 2016),
Alzheimer’s disease (Bhagwat et al., 2018), or mortality risk (Aljouie et al., 2021).

In multimodal learning, self-supervised contrastive learning has emerged as a powerful
method for pre-training medical models (Hager et al., 2023). The key idea is that em-
beddings organize input data in latent space so that semantically similar samples stay
closer together, effectively grouping subjects with similar properties relevant for down-
stream tasks. While this naturally supports classification, regression tasks benefit from
additional structure to reflect the ordering of continuous target variables. To address this,
Dufumier et al. (2021) introduced a contrastive regression loss, using chronological age as a
continuous proxy label for classification tasks. This strategy was later adopted by Barbano
et al. (2023) to estimate brain age from MRI data.

Building on these advances, we introduce a novel adaptation of contrastive regression to esti-
mate organ-specific biological age that integrates multimodal data. Our approach combines
MRI scans with complementary tabular features, including lifestyle factors, blood-based
measures, and imaging-derived biomarkers, to predict biological age in six organ systems:
brain, heart, liver, kidneys, spleen, and pancreas. By jointly exploiting imaging and tabular
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Figure 1: Schematic 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
9. During training we use healthy controls where we can assume that BA =
chronological age (CA).

data, our results demonstrate that multimodal integration improves age prediction per-
formance over unimodal approaches, highlighting the value of combining complementary
sources of information for a more accurate and organ-specific assessment of biological ag-
ing. Training on a healthy UK Biobank cohort with chronological age allows the model to
capture normative aging patterns, while testing is performed on a mixed subgroup.

2. Materials and Methods

2.1. Data

The study uses the UK Biobank cohort, a large resource of health information from adults
aged 44 to 83 years across the UK. In addition to extensive data on environmental exposures,
lifestyle, medical history, biological samples, and physical assessments, the project also
offers a substantial imaging dataset. The available scans include 3D MPRAGE brain MRI,
2D+time cardiac cine MRI, and 3D abdominal Dixon VIBE MRI from roughly 70,000
participants. Image pre-processing included skull stripping and alignment to MNI152 space
for brain scans (Evans et al., 1993). After segmentation, cardiac and abdominal images were
cropped to extract organ specific volumes of the heart, liver, spleen, kidneys, and pancreas.
Abdominal organs were additionally processed with background masking to prevent shortcut
learning through fat tissue outside the target structures. Brain and cardiac scans were
processed as single channel inputs, while abdominal images used four channels for the Dixon
contrasts. 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.
Continuous variables were z-score normalized, and cardinal categorical variables were one-
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hot encoded. For downstream analysis, disease age for several common conditions was
derived from ICD-10 codes and corresponding diagnosis dates in electronic health records.
Diagnoses were categorized as pre-existing or future depending on whether they occurred
before or after the imaging time point used for biological age estimation.

2.2. Multimodal integration

Our framework adopts the basic SImCLR architecture (Hager et al., 2023; Chen et al.,
2020b) as a backbone, consisting of separate encoders and projection heads for image and
tabular data (Figure 1). For each subject, a pair of inputs, imaging data iy and tabular
data xiap, is processed through their respective encoder and projection head branches. The
image encoder fimg(-) is based on a ResNet18 architecture (He et al., 2016) modified for 3D
data by replacing standard 2D convolutional layers with 3D convolutions. This adaptation
allows the model to leverage spatial context in volumetric data, such as brain or abdominal
scans, or spatiotemporal context in 2D+time sequences, like cardiac imaging. The tabular
encoder fiup(+) is implemented as a multilayer perceptron with five dense layers, using batch
normalization and ReLU activations. The resulting embeddings are then mapped into a
shared projection space through projection heads gimg and gap,. Each projection head
consists of two dense layers with layer normalization and LeakyReLU activation, yielding
final projections zimg € R'?8 and 2, € R128:

Zimg = Jimg (fimg (ximg))

Ztab = gtab(ftab (wtab))

(1)

These projections are then optimized in a shared embedding space to align the modalities
according to their age label difference.

2.3. Multimodal contrastive regression loss

Conventional contrastive representation learning for classification defines positive pairs
when samples originate from the same subject or class and negative pairs otherwise. The
model is then optimized to pull embeddings of positive pairs closer together and push neg-
ative pairs farther apart in the embedding space. However, in regression tasks, the labels
are continuous, requiring the embedding space to follow a continuous structure rather than
a categorical scheme. Instead of distinct positive and negative pairs, the degree to which a
pair should be pulled together or pushed apart should gradually scale based on the closeness
of their label distance. To adapt the standard InfoNCE loss (Oord et al., 2018) for this
setting, we use a weighting factor based on a Gaussian kernel function w;; = K(y; — y;)
(Dufumier et al., 2021; Barbano et al., 2023), where y; and y; are the continuous labels of
samples i and j, respectively. In a batch of size B, all possible pairs are successively consid-
ered. Every sample j relative to the anchor 7 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 y; contribute meaningfully to the loss. This weighting
scheme transforms the standard InfoNCE-based loss into a contrastive regression loss that
enforces a continuous structure on the latent representation space. The tolerance margin
for label similarity is controlled by the standard deviation ¢ of the Gaussian kernel, which
should be selected in relation to the batch size as well as the range and distribution of the
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age labels in the dataset. To extend this formulation to the multimodal setting, the loss
is applied across modalities and within each modality. The aim is to align paired imaging
and tabular representations while also ordering samples within each modality according to
their ground truth labels y;. For an anchor ¢ from modality m € {1,2,..., M}, candidates
from all modalities are considered, leading to loss term [;, , of sample ¢+ and modality m:

wlv] ( Simvjn
§ § ]751 n#Fm <5 . | In M B ) ’ (2)
n=1j=1 Z Z

1 Ljiwij n=1 Zj:l Ljsti,nsmSim,jn

where the similarity is defined as s;,, j, = exp(sim(z;,,,2j,)) using the cosine similarity
sim(+,+). In our experimental setup, we consider two modalities and thus set M = 2
but the loss generalizes naturally to settings involving a single modality or more than two
modalities. The final multimodal contrastive regression loss is obtained by summing over
all imaging and tabular anchors:

1 M
:szlim (3)

i=1 m=1

2.4. Biological age prediction

Following contrastive pre-training, the learned ordered representations z,,, m € {img, tab},
are concatenated and serve as input to the age prediction head (see Figure 1). Contrary
to the standard SimCLR approach of removing projection heads before prediction, we keep
them. The projections z,, preserve better age ordering than the raw embeddings, providing
a more informative input for the regression task. Therefore, the encoder and projection
heads could, in principle, be merged. The age prediction head hqge is implemented as a
multilayer perceptron with four dense layers, each followed by batch normalization and
LeakyReLU activations, and a final linear layer to output the predicted age §;. The model
is trained using mean squared error (MSE) loss with respect to the chronological age label.

1 B
=5 20 (@

Since biological age lacks direct ground truth, we approximate it using chronological age
within a carefully selected organ-specific healthy cohort, assuming biological age ~ chrono-
logical age for this population. When the model is applied to a broader test set including
both healthy and diseased individuals, the age difference between them can be interpreted
as accelerated or decelerated biological aging.

3. Experimental Setting

Separate models were trained for each organ. A healthy subcohort was selected by excluding
participants with diagnoses listed in predefined, organ-specific disease categories derived
from electronic medical records within the UK Biobank. The resulting healthy subset was
divided into train and test partitions in a 70/30 split. For the final analysis of predicted
biological age, the healthy test samples were merged with the disease-affected groups that
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Figure 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.

were previously excluded. Because imaging availability and exclusion rules varied by organ,
the number of training cases ranged from 19,128 for the brain to 30,641 for the spleen.
To reduce overfitting, augmentation strategies were applied, including resizing, cropping,
mirroring, and gamma adjustments. Contrastive pre-training was conducted for 12 epochs
with a batch size of 100 on two A100 GPUs, using the Adam optimizer (Kingma and Ba,
2014) and a learning rate schedule, followed by 10 epochs of training of the age prediction
head. To assess the role of multimodal fusion, unimodal models (M = 1) using only
imaging or only tabular features were also trained under the same settings as multimodal
training. For a fair comparison and to gain further insights into tabular performance, the
tabular features in the unimodal experiments were divided into imaging-derived biomarkers
and non-imaging variables, including lifestyle information and blood-based measurements.
After training the age predictions were bias-corrected using linear regression to account for
the inherent tendency of regression models for extreme values to shift towards the mean.

4. Results and Discussion

Pre-training was effective across all organs, as shown by PCA visualizations that project
the high dimensional embeddings into a lower dimensional space while preserving broad
structural patterns (Figure 2). The loss function encourages both imaging and tabular rep-
resentations to follow the chronological age order, ensuring consistency within each modality
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Table 1: Mean absolute errors of predicted ages in healthy the test set for multimodal
approach and unimodal ablations.

Brain Heart Liver Kidneys Spleen Pancreas

Multimodal 2.60 3.66 3.01 2.80 3.73 3.33
Imaging 2.65 4.49 4.50 5.49 6.00 5.45
Image Biomarkers 3.64 5.41 5.47 5.45 5.46 5.50
Non-imaging Biomarkers 4.69 4.15 3.40 3.56 3.86 3.44

as well as between modalities. Tabular encoders showed robust performance across organs.
Imaging encoders were more sensitive to how easily aging information can be extracted. In
the brain, strong markers of aging, including volumetric reductions in gray and white mat-
ter (Kaye et al., 1992), contributed to a well structured embedding space with few outliers.
In comparison, organs like the spleen and pancreas showed more outliers, since their visible
age-related changes can be mainly attributed to an overall volume loss.

After training, performance was assessed on an healthy subset of the test cohort. Includ-
ing diseased subjects could be misleading, as lower mean absolute errors in mixed cohorts
do not necessarily reflect better prediction. Mean absolute errors (MAE) for multimodal
models and the three unimodal ablations are summarized in Table 1. Imaging 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 very limited age-related
imaging signals, such as the kidney, spleen, and pancreas. In organs with strong imaging
markers of aging, full images supported better predictions. In organs with weak signals,
including the spleen and kidney, handcrafted image biomarkers performed better than full
image despite the limited number of abdominal image biomarkers (see Supplementary Fig-
ure 6). Tabular models without imaging data were consistent across organs and generally
outperformed imaging models, with the exception of the brain where imaging information
is particularly informative. Multimodal training effectively leveraged complementary infor-
mation in all organs, surpassing all unimodal performances in all organs.

By including participants with diseases, predicted age can be interpreted as an indicator
of biological age. The predicted age gap, defined as the difference between predicted and
chronological age, provides insight into accelerated or decelerated aging. When comparing
age gaps between patients with common diseases and healthy controls, average predicted
age gaps appeared elevated in certain diseased subgroups (Figure 3). This pattern was
specifically examined for Alzheimer’s disease in the brain, type II diabetes in the pancreas,
and chronic kidney disease in the kidneys. Higher predicted age gaps were observed both in
participants with pre-existing conditions and in those who developed the disease after data
collection, indicating potential prognostic relevance.

Beyond disease specific effects, aging patterns can also be examined across organs to un-
derstand systemic relationships (Figure 4). Brain aging occurs relatively independently,
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.
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Figure 3: Kernel density estimations (KDE) of predicted age gaps (= predicted age - chrono-
logical age) across organs for specific health outcomes. KDE plots show predicted
age gaps in test subjects with pre-existing or future diagnoses (orange) overlaid
to healthy controls (blue). Mean values are shown for the healthy cohort (dashed
line) and diseased cohort (solid line).
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Figure 4: Heatmap of Pearson correlation coefficients between predicted age gaps of brain,
heart, left kidney, right kidney, pancreas, and spleen. All results are statistically
significant with p < 2.38 x 1072 (21 tests, Bonferroni-corrected).

5. Conclusion

In summary, our study demonstrates that combining MRI and tabular data provides a
powerful framework for estimating organ-specific biological age. By aligning multimodal
features through contrastive regression, the models capture complementary aging informa-
tion across six organ systems: brain, heart, liver, kidneys, spleen, and pancreas. Evaluations
reveal that multimodal models generally outperform unimodal approaches, identify acceler-
ated aging in diseased participants compared to healthy individuals, and uncover correlated
aging patterns across organs. Performance is occasionally limited when images provide little
age-related information, causing the image encoder to impair the overall model. Advanced
fusion techniques may overcome this limitation and strengthen the predictive capabilities
of multimodal approaches.
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Appendix A. Supplementary Material
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attacks degeneration, Hereditary Congestive Heart Failure 1509 ot specified as acute or Type 2 diabetes mellitus E11  spleen, Cyst of spleen, Diabetes Mellitus II E11
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Organ-independent Brain Heart Liver Kidney Spleen Pancreas

Brain structure Cardiac function

Demographics Body composition  Body composition Body composition  Body composition

volumes and volumes
. Functi | MRI . . . . . N

Anthropometrics p:::n:(t)gras Blood pressure Blood biochemistry Urine biomarkers Blood count Blood biochemistry
A sFrength _le'fu_5|on . Pulse wave analysis Blood biochemistry  Blood biochemistry
and function imaging metrics
Physical activity Cognitive tests Heart rate Blood pressure
Sleep Blood count
Smoking
Alcohol
Diet

Psychological
factors

Hearing

Blood biomarkers

Figure 6: Overview of tabular features. Data fields were organized and summarized into
higher-level categories. Image-derived biomarkers are marked in orange and non-
imaging variables in blue.

Brain Heart Liver Kidneys Pancreas Spleen
Image matrix size 182,218,182 72,76,50  40,40,50  120,100,70 40,40,50 80,50, 50
Tabular image biomarkers 33 31 9 7 9 9
Tabular non-imaging features 59 76 85 73 75 81
Training set size 19,128 26,124 30,638 29,557 30,539 30,641
Epochs (pre-training/prediction head) 12/10 12/10 12/10 12/10 12/10 12/10
Batch size 100 100 100 100 100 100
Optimizer Adam Adam Adam Adam Adam Adam

Learning rate

-4 -4 -4 -4 -4 -4
(pre-training/prediction head) 1x10%/0.1 1x10%/0.1 1x10%/0.1 1x10%/0.1 1x10%/0.1 1x10%/0.1

Decay rate
(pre-training/prediction head) 0.80/0.99 0.80/0.99 0.80/0.99 0.80/0.99 0.80/0.99 0.80/0.99
Kernel standard deviation 0.5 0.5 0.5 0.5 0.5 0.5

Figure 7: Training parameters of contrastive pre-training and supervised training of the age
prediction head.
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