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Abstract. Cardiovascular diseases are the leading cause of death. Car-
diac phenotypes (CPs), e.g., ejection fraction, are the gold standard for
assessing cardiac health, but they are derived from cine cardiac mag-
netic resonance imaging (CMR), which is costly and requires high spatio-
temporal resolution. Every magnetic resonance (MR) examination begins
with rapid and coarse localizers for scan planning, which are discarded
thereafter. Despite non-diagnostic image quality and lack of temporal in-
formation, localizers can provide valuable structural information rapidly.
In addition to imaging, patient-level information, including demograph-
ics and lifestyle, influence the cardiac health assessment. Electrocardio-
grams (ECGs) are inexpensive, routinely ordered in clinical practice, and
capture the temporal activity of the heart. Here, we introduce C-TRIP
(Cardiac Tri-modal Representations for Imaging Phenotypes), a multi-
modal framework that aligns localizer MRI, ECG signals, and tabular
metadata to learn a robust latent space and predict CPs using local-
izer images as an opportunistic alternative to CMR. By combining these
three modalities, we leverage cheap spatial and temporal information
from localizers and ECG, respectively, while benefiting from patient-
specific context provided by tabular data. Our pipeline consists of three
stages. First, encoders are trained independently to learn uni-modal rep-
resentations. The second stage fuses the pre-trained encoders to unify
the latent space. The final stage uses the enriched representation space
for CP prediction, with inference performed exclusively on localizer MRI.
Proposed C-TRIP yields accurate functional CPs, and high correlations
for structural CPs. Since localizers are inherently rapid and low-cost, our
C-TRIP framework could enable better accessibility for CP estimation.®
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1 Introduction

Cardiovascular diseases (CVDs) are the leading cause of death globally [1]. Sev-
eral important functional cardiac phenotypes (FCPs), such as left and right
ventricular ejection fraction (LVEF, RVEF), and structural cardiac phenotypes
(SCPs), such as left ventricular mass (LVM) and right ventricular end-diastolic
volume (RVEDV), are established clinical biomarkers for CVD detection [5].
Cardiac cine magnetic resonance imaging (CMR) is the reference standard for
extracting SCPs (LVM, RVEDV) and FCPs (LVEF, RVEF) [18].

However, CP calculation from CMR is a complex process [18]. As a dynamic
acquisition, CMR requires high spatio-temporal resolution and electrocardio-
gram (ECG) gated reconstruction to bin data from the same cardiac phases.
Given the need for a dedicated full cardiac MRI protocol and additional ECG
hardware for a CMR scan, there is an evident need for more efficient CP estima-
tion. In routine clinical practice, ECG serves as a first-line cardiac assessment
tool due to its low cost, rapid acquisition, and ability to capture the heart’s
electrical activity [20]. Yet, ECG cannot directly quantify CPs. A recent study
proposed an ECG-based cardiac screening tool by applying contrastive learn-
ing to align the representation spaces of ECG and CMR to enrich the learned
features, while predicting CPs solely on ECG during inference [21].

Beyond imaging and ECG, clinical decision making also relies on patient-level
metadata, such as sex, body-mass-index (BMI), and lifestyle, as cardiac structure
and function are strongly influenced by these factors [24]. A previous study on
multi-modal contrastive learning proved that aligning CMR and tabular data
increased the CVD classification accuracy [9]. This is also reflected in clinical
settings, where physicians integrate information across modalities rather than
interpreting each modality in isolation.

Every magnetic resonance imaging (MRI) examination starts with coarse but
rapid localizer scans, which are acquired for planning purposes. Although localiz-
ers have lower image quality and are not targeted for diagnosis [22], they contain
structural tissue information and require minimal scan and reconstruction time.
Due to their simplicity and availability, they possess certain advantages over
CMR (Table 1). Localizer MRIs, even by themselves, represent a promising
yet underexplored opportunity for opportunistic screening, as reported by [4]
for detection of osteoporotic vertebral fractures. Under a multi-modal frame-
work, localizers have a bigger potential to be a screening tool. Thus, we intro-
duce C-TRIP (Cardiac Tri-modal Representations for Imaging Phenotypes),
a contrastive learning approach that anchors on localizer MRI and aligns its rep-
resentation space with ECG-derived functional information and tabular clinical
context. In contrast to prior studies [19,21,9,2], our contributions are:

— Localizer-centric tri-modal alignment: We use routinely acquired rapid
and coarse localizers as the central modality for cheap spatial information,
then align it with functional (ECG) and contextual (tabular) information.

— Multi-modal training with single-modality inference: Multi-modal
contrastive alignment is performed during training, while CP prediction is
conducted exclusively on localizer MRI at inference.
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Table 1. Comparison of routinely acquired localizer MRI and CMR.

Aspect Localizer MRI Cardiac CINE MRI

Purpose Scan planning; not for diagnosis CP quantification and diagnosis
Scan time Very short (seconds per stack) Longer

Temporal info None (static images) Multi-frame across the cardiac cycle
Motion Not ECG-gated; susceptible to motion ECG-gated; captures cardiac motion
Image quality = Lower resolution; variable contrast High spatial resolution and contrast
Standardization Less standardized across sites Established clinical protocols
Coverage Coarse or incomplete coverage Full short-axis + long-axis views
Clinical role Not intended for diagnosis Reference standard for CPs

Cost Routine acquisition Dedicated acquisition required
Availability Near-universal in cardiac MRI exams Only during full cardiac protocol

) ! Regression !
Head
Inference
on localizers

m Image encoder
i E~TY A
localizer MR images

% |% |55

Functional CPs Structural CPs

j \ j {VEF,RVEF) (LVM, RVEDV)

\ Tabular data

Fig.1. Our multi-modal contrastive learning framework. First stage includes pre-
training encoders for each modality. Second stage involves unification of the latent
spaces from three modalities, in which the data from the same subjects were pulled,
and different subjects were pushed away. The last stage uses a regression head to pre-
dict all 18 cardiac phenotypes solely from localizer MRIs.

— Strong performance in low-data regimes: C-TRIP yields robust per-
formance for both FCPs and SCPs.

— Opportunistic low-cost screening tool: Rather than replacing CMR,
C-TRIP acts as an opportunistic low-cost screening tool when full CMR is
limited, enabling better accessibility to CP estimation.

2 Methods

We propose the C-TRIP framework shown in Fig. 1. Our framework consists of
three sequential stages. In the first stage, we pre-train three separate encoders for
localizer, ECG, and tabular data using self-supervised masked data modeling.
The second stage fuses the three pre-trained encoders to minimize the contrastive
loss and achieve patient-level alignment in a shared latent embedding space. In
the third stage, we predict CPs solely from localizers.
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Stage I: Single-modality Masked Data Modeling: To obtain a robust la-
tent representation, we train uni-modal vision transformer (ViT) based masked
autoencoders (MAEs)[6,10], for which the architecture is adapted for each in-
dividual modality. All encoders process the 25% visible input, while lightweight
decoders reconstruct the randomly masked 75% of the data. We minimize mean
squared error (MSE) to reconstruct the masked patches. Multi-channel ECG
signals are divided into non-overlapping 1D patches similar to [21], and recon-
structed to capture underlying temporal dynamics. For tabular data, the input
is processed as a 1D sequence of discrete feature tokens. We project numerical
and categorical features into a uniform embedding space, similar to [23]. Full
sequence is reconstructed by optimizing MSE for numerical features and cross-
entropy loss for categorical features.

Stage II: Multimodal Contrastive Learning: We align the pre-trained uni-
modal representations into a joint latent space to enrich the anatomical features
extracted from the localizers with the functional and temporal information from
the ECG and the clinical context from the tabular data. We utilize a localizer-
centric contrastive loss that aligns localizers (L), ECG (E) and tabular data (T),
without aligning 7" and E.

Localizer-Centric Contrastive Loss: We independently align the localizer
embeddings with the auxiliary modalities by optimizing an InfoNCE-based con-
trastive loss [11,16]. Generically, let M denote an auxiliary modality representing
ECG (E) or tabular data (T'). The loss is defined symmetrically in both direc-
tions between localizer MRI (L) and modality M. The bidirectional alignment
(L) pulls the embeddings of the same patient closer while pushing the em-
beddings of different patients in the batch.

1
Lrom = 3 (Losm+ Lyv—r) (1)

N ; (8) (4
1 exp(sim(z;’, 2z T
Lo =~y D log oy o @)
i=1 Zj:l exp(sim(z;,”", 237 )/TLa)

In the above formulation, N is the batch size, sim(-, -) denotes cosine similar-
ity, zr, and z)p; are the extracted representations, and 77, is a learnable temper-
ature parameter. The overall loss objective is then Lyotq; = % (Lroe+ LroT).
By utilizing the localizer MRI as the central modality, ECG and tabular embed-
dings are aligned indirectly. We intentionally avoided a direct E 4+ T alignment
to prevent the model from exploiting non-imaging shortcuts. This, additionally,
reduced computational overhead during loss computation.

Stage III: Inference to Predict CPs from Localizers: We attach a lightweight
MLP regression head to predict CPs from localizers only during inference.
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2.1 Baselines and Ablation Studies

To evaluate the proposed C-TRIP framework, we compared our approach against
several baselines and conducted targeted ablation studies: Baseline networks
included supervised schemes to predict the CPs as a regression task, with dif-
ferent types of inputs: CMR (the reference, CMR,,;), localizers (Ls,,;), tabular
data (Tsup), and ECG (Esyp). The first ablation study analyzed a tri-modal
scheme on two different conditions: tabular data injected with CPs explicitly
(L + E +T?) inspired by [9], versus tabular data without any CPs (L+ E+ T,
i.e., proposed C-TRIP). This way, we could understand if no explicit supervision
(i.e., no CP injection) could still generalize well in a wide test population. The
second ablation study aimed to choose the most optimum modality combina-
tion, comparing bimodal and trimodal contrastive pre-training strategies: L+ F,
L+T,L+ E+T (ie., our proposed C-TRIP).

2.2 Dataset and Preprocessing

We utilized paired multi-modal data from the UK Biobank [17], with imaging
parameters detailed in [15]. To prevent data leakage, we used subject-level splits
with demographically balanced (age, sex, LVEF) training, validation, and test
sets (Nypain : 14577, Nyar + 3177, Niest = 3123). Downstream experiments eval-
uated only subjects with complete multi-modal pairings and 18 ground truth
CPs [3]. For CM R, we extracted 3 short-axis time frames from the middle
baso-apical slice (end-diastole, end-systole, mid-phase) per subject, identical to
[21]. For localizer MRI, we used 3 oblique-transverse mid-slices from the 18-slice
"AA Heart Scout" scan. The heart was segmented using [8] and cropped from
thorax. Images were normalized and resized to 224 x 224. Standard 10-second,
12-lead resting ECGs (500Hz) were corrected for baseline drift to eliminate res-
piratory and motion artifacts. Tabular data consists of numerical (e.g., BMI,
metabolic rates, QRS duration) and categorical features (demographics, medical
history, smoking status). Recorded during the same assessment, all modalities
provide concurrent representation of the heart.

2.3 Implementation

All experiments were implemented in PyTorch/Lightning on a single NVIDIA
A40 GPU optimized via AdamW [13] with cosine annealing and early stopping.
In Stage I, uni-modal MAEs (embedding dimension (dim): L : 768, E : 384,
T : 384) were pre-trained for 400 epochs (batch size (bs) 256, learning rate (lr)
5x107%). Random augmentations (cropping, scaling, rotation) were applied only
to the localizer training set. In Stage II, fully-trainable encoders projected rep-
resentations into a shared 256-dim space. Contrastive alignment was optimized
for 150 epochs (bs 256) with pair-specific temperature set to 7,r = 0.1 and
T = 0.25 after hyperparameter tuning. In Stage III, downstream regression
head was trained for 100 epochs solely on Stage II localizer embeddings for C-
TRIP. To preserve Stage II representations, differential lr’s were used: 1 x 1073
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Table 2. Performance comparison across modalities. T /T?: tabular data without/with
CPs; E: electrocardiogram; L: localizer MRI. CMR,,: provided as reference. Bold text
and gray shading denote best MD and LoA.

LETPT  LVEF [%] LVM [g] RVEF [%] RVEDV [mL]
MD LoA MD LoA MD LoA MD  LoA

CMRsy, XX XX 03 [-8.0,85 —0.3[-24.524.0] —0.2 [-8.7,8.4] 2.8 [-39.2,44.8]
Laup VXXX 0.1[-10.8,11.1] 0.7[-23.4,24.8] 0.1[—10.3,10.4] 1.8 [—39.8,43.4]
Egup X/ X X 0.4]-10.9,11.6] —0.8 [-35.9,34.3] 0.2 [—10.8,11.2] —0.6 [—60.6,59.4]
Tsup XXX/ 0.1[-11.3,11.5] 2.3[-22.5,27.0] —0.5 [~11.5,10.4] 5.0 [~38.9,48.9]
L4T VX X/ 0.1[-10.6,10.8] 0.3[—23.1,23.8] 0.0[—10.2,10.2] 1.1 [—39.8,41.9]
L+E VvV XX 03[-10.6,11.1] 0.9 [-23.5,25.2] 0.2 [—10.1,10.5] 1.7 [—39.9,43.3]
L+E+TP /v X 02[-10.511.0] 0.9 [-22.1,24.0] 0.2 [-10.0,10.5] 1.2 [—39.5,41.9]
L+E4+T v/ X/ 03[-10.4,11.1] 0.2[-23.2,23.7] 0.2 [=10.0,10.4] 0.2[—40.8,41.1]

(C-TRIP)

(regression head), and 1 x 10~* (pre-trained encoder). Baselines used the iden-
tical head trained from scratch.

2.4 Evaluation

The reference CPs were extracted from CMR. Accuracy was evaluated using
mean differences (MD), limits of agreement (LoA), and Pearson’s R [14]. We
examined the effects of the number of fine-tuning samples during downstream
analysis at stage III to mimic a realistic low-data regime (e.g., 1% of the samples).

3 Results

Table 2 demonstrates the CP estimation in all techniques. The CMRg,,;, achieved
the best performance in FCPs, as expected, while localizer-based techniques are
competitive for SCPs. L, already produces strong results (i.e., small MDs) for
FCPs. ECGyyp yields the worst overall performance. The inclusion of explicit
CPs in the tabular metadata, L + E 4+ TP, does not improve the performance,
in fact, leads to an increase in MDs in SCPs. Our proposed C-TRIP yields the
smallest MD, with the second tightest LoA overall, showing its robust perfor-
mance in SCPs, while still being competitive in FCPs.

Fig. 2A shows that the attention maps for C-TRIP are more focal and
localized than the baseline L,,. In slice 1 (short-axis view), C-TRIP emphasizes
the donut of the LV and the crescent of the RV. C-TRIP shifts its attention to
the specific chambers in slice 3 (a more basal/outflow view).

The multi-modal latent space (e.g., UMAPs) before and after localizer-centric
alignment is shown in Fig. 2B color-coded by LVM and sex. L and T represen-
tations become deeply intertwined after alignment due to high structural and
functional correlation (e.g., males have larger LVMs, LVEF is influenced by sex).
The ECG cluster remains distinct due to a more complex relationship between
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Fig. 2. A) Attention maps. (head-averaged [CLS] token weights from the final ViT
block) While Lsyp, exhibits leaked attention to non-cardiac structures (e.g., lungs and
chest wall), C-TRIP was able to focus on biologically relevant structures. Images are
cropped to the heart region for visibility. B) UMAPSs (cosine distance, 15 neighbors,
min_dist=0.1) Lz-normalized joint embeddings show representation space before and
after alignment. Our localizer-centric design reflects itself in UMAPs. Due to strong
anatomical correlation, L and T merge easily. The relationship between L and F is
more complex, so E remains more distinct, but is pulled toward the same phenotypic
gradient /trend from low to high LVM, or male/female distinction.

{o(alizerMRl Baseline(LW) Ours (C-TRIP)

slice 1

slice 3

L and F since there is an inherent domain gap between electrophysiology (ECGQG)
and anatomy (localizers). Yet, in the overall latent space, we observe a gradient
from lower to higher LVM values, and male/female distinction. This particular
trend indicates that the C-TRIP learned a robust mapping for CPs.

Fig. 3 shows CMR,,, achieves the highest correlation for FCPs, even at
low-data regimes. L, shows moderate performance across all data regimes.
Eg.p yields the worst performance in both FCPs and SCPs. T, leads to robust
performance in SCPs, but not in FCPs. C-TRIP achieves high correlations in
SCPs, even at 1% data regime (Pearson R > 0.70), while still performing the
second-best after CMR for FCPs.

4 Discussion and Conclusion

Proposed C-TRIP estimated CPs solely from routinely acquired localizers, to
act as an opportunistic assessment tool for cardiac health at low-cost.
Here, we proved; tabular data provides a strong population-level prior, ECG
is the primary source of calibration, reducing MD. Yet, by itself, ECG per-
formance still suffers. By aligning three modalities, C-TRIP uses the ECG to
correct for generalized guesses from the tabular data to consider subject-specific
information, while exploiting the spatial prior from the localizers. The impact
of tri-modal alignment is most pronounced in SCPs, particularly RV, indicating
that the complex geometry of the RV requires the full integration of three modal-
ities. Our high accuracy in LVM estimation could also be useful in detecting LV
hypertrophy, a result of coronary artery disease (CAD). Other real-world appli-
cations include preliminary assessment in resource-limited settings and real-time
decisions on the necessity of a full CMR according to the estimations by C-TRIP.

C-TRIP learned a robust anatomical prior; only the heart-specific pix-
els are relevant for CP estimation, while mitigating the non-cardiac noise in L,
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Fig. 3. Performance and scaling comparison of our proposed multimodal ap-
proach against unimodal supervised baselines across four CPs. (Top Row)
Scatter plots comparing model predictions to ground truth values using 100% of the
available fine-tuning data for LVEF, LVM, RVEF, RVEDV. Pearson R is reported in
the legends. The plots show 500 subjects for better visibility. (Bottom Row) Fine-
tuning data scaling behavior. The plots demonstrate model performance (Pearson R)
as a function of the fine-tuning subset size (1%, 10%, and 100%, displayed on a logarith-
mic scale). The shaded regions represent the 95% confidence intervals. Our proposed
method C-TRIP (in green) is compared against single modality baselines.

as shown in attention maps. The UMAPs showed no one-blob for C-TRIP, partly
due to our localizer-centric design, partly by the natural modality gap [12]. While
tabular data and MRI share a direct structural correlation (e.g., body scale and
sex affect heart size), the relationship between ECG and MRI is more nuanced.
The residual separation of the ECG cluster represents the unique electrophysio-
logical information provided by ECG, which adds to the already learned struc-
tural information of the localizer. Our localizer-centric design also specifically
prevents shortcut correlations between non-imaging features (i.e., older subjects
having certain ECGs). This is crucial since CPs are imaging-derived biomarkers.

SCP estimation was more accurate than FCPs in L-based techniques (higher
Pearson R). CMR maintains the highest R in FCPs, as it captures temporal car-
diac motion. In low-data regimes (1—10% fine-tuning), Ly, and E,,;, yielded low
performance. The relatively strong performance of Ty, in SCPs is expected, as
Tsup can extract accurate population statistics (e.g., males have higher LVM than
females). Yet, Ty, could not produce subject-specific functional information. C-
TRIP integrates functional, contextual, and spatial information, providing bet-
ter low-data efficiency. Although C-TRIP yielded reduced performance in
FCPs, the model learns temporal relations implicitly via multi-modal training
with ECG. ECG addition at inference may improve FCP estimation, but the
lack of temporal alignment with MRI in UK Biobank may limit its added value.
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Despite UK Biobank’s healthy volunteer bias [7], 30% of subjects had LVEF
<55%, enabling robust associations. C-TRIP reduces regression-to-the-mean in
Tsup, showing it does not rely solely on population averages. This aligns with
opportunistic assessment, seeking incidental findings from healthy individuals.

Our study had limitations. Although UK Biobank was conducted in four sites,
it offers a homogeneous dataset under a single vendor, single scanner type [17].
Additionally, conventional localizers are not acquired in a standardized manner,
as opposed to UK Biobank. Thus, future work includes validating C-TRIP under
less homogeneous settings. Furthermore, CMRy,,; does not consider full stack of
cine, which was chosen to ensure architectural comparability across L-based
models. Hence, it does not reflect the full diagnostic capacity of clinical CMR.
Although we did not focus on disease classification, future work will include risk
classification based on EF, as well as disease detection (e.g., CAD).

Our results support the potential clinical utility of C-TRIP, not as
a replacement for CMR, but as a low-cost opportunistic screening tool. By en-
hancing rapid localizer MRI with routinely collected data (ECG and tabular), we
enable reliable CP estimation when comprehensive CMR cannot be performed.
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