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Abstract: The digitization of healthcare has resulted in the proliferation of
Electronic Health Records (EHRs), which contain a rich yet heterogeneous mix
of data modalities, primarily structured time-series data and unstructured
clinical notes. While deep learning has demonstrated remarkable potential in
predictive healthcare, existing approaches often process these modalities in
isolation or rely on naive fusion mechanisms that fail to capture the complex,
asynchronous interplay between physiological measurements and clinical
narratives. Furthermore, modern neural networks, particularly large foundation
models, suffer from significant miscalibration, frequently yielding overconfident
predictions that are detrimental to clinical decision-making. In this paper, we
introduce MedCali-FM, a novel multimodal foundation model designed to
integrate sparse, irregular EHR time series with clinical text through a
calibrated cross-attention mechanism. We propose a joint pre-training objective
that combines masked forecasting, masked language modeling, and a novel
contrastive alignment loss to learn unified patient representations. Crucially, we
integrate a differentiable calibration objective directly into the fine-tuning
phase, ensuring that the model's confidence scores align with true empirical
probabilities. Our extensive experiments on the MIMIC-IV dataset demonstrate
that MedCali-FM not only achieves state-of-the-art performance in mortality
prediction and phenotype classification but also significantly reduces Expected
Calibration Error (ECE) compared to existing ensemble and deep fusion
methods.

Keywords: Electronic Health Records, Multimodal Learning, Foundation
Models, Uncertainty Calibration, Deep Learning in Healthcare.

INTRODUCTION
1.1 Background

The widespread adoption of Electronic Health Records (EHRs) has transformed
modern medicine into a data-intensive discipline. Hospitals and clinical institutions
generate terabytes of patient data daily, ranging from high-frequency vital signs and
laboratory results to free-text admission notes, radiology reports, and discharge
summaries. This data holds the promise of enabling precision medicine, early warning
systems for critical events such as sepsis or cardiac arrest, and automated phenotype

tagging [1].
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However, the inherent complexity of EHR data presents substantial challenges for
machine learning algorithms. Structured data, such as heart rate variability or serum
creatinine levels, typically manifests as irregular, sparse time series with varying
sampling rates. Conversely, unstructured clinical notes contain dense semantic
information regarding patient history, symptoms, and clinician reasoning, often filled
with medical jargon, abbreviations, and non-standard syntax [2]. The ability to
synthesize these distinct modalities into a coherent patient representation is critical for
holistic predictive modeling. A clinician does not look at a blood pressure trend in
isolation; they interpret it within the context of the nursing notes describing the
patient's distress or response to medication.

1.2 Problem Statement

Despite the theoretical advantages of multimodal learning, two primary limitations
persist in current literature. First, the modality gap remains a significant hurdle. Many
existing architectures utilize separate encoders for text and time series, fusing them
only at the final classification layer (late fusion). This approach fails to capture the
fine-grained temporal correlations between a specific textual mention (e.g., "patient
appears pale™) and a concurrent physiological drop in blood pressure. While early
fusion methods exist, they often struggle with the differing data densities and noise
profiles of the two modalities [3].

Second, and perhaps more critically for clinical deployment, is the issue of calibration.
Deep neural networks, particularly those based on Transformer architectures, are
notoriously miscalibrated. They tend to be overconfident, assigning high probability
scores to incorrect predictions. In high-stakes clinical environments, a model
predicting a 95% probability of low risk for a patient who is actually deteriorating is
far more dangerous than a model with lower accuracy but honest uncertainty estimates
[4]. Post-hoc calibration techniques, such as Platt scaling or Temperature scaling, are
standard solutions but are often applied after the model has already learned a biased
representation space. There is a paucity of research integrating calibration constraints
directly into the representation learning process of multimodal foundation models.

1.3 Contributions

To address these challenges, this paper presents MedCali-FM, a unified foundation
model framework. Our contributions are as follows:

1. We propose a Dual-Stream Cross-Attention Architecture that processes time-series
and textual data in parallel but allows for deep interaction via a shared cross-modal
attention mechanism, enabling the model to dynamically weigh the importance of
clinical notes based on physiological context and vice versa [5].

2. We introduce a Differentiable Calibration Loss (DCL) that operates during the fine-
tuning stage. Unlike post-hoc methods, this regularizes the feature space itself to
penalize overconfidence, resulting in intrinsically calibrated representations.

3. We define a set of comprehensive pre-training tasks including Contrastive Modality
Alignment to leverage large-scale unlabeled EHR data effectively.
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4.  We provide rigorous empirical evidence demonstrating that MedCali-FM
outperforms unimodal baselines and uncalibrated multimodal competitors on the
MIMIC-1V dataset, specifically improving safety metrics like Expected Calibration
Error (ECE).

Chapter 2: Related Work
2.1 Classical Approaches

Early machine learning in healthcare predominantly relied on expert-defined feature
engineering. Methods such as logistic regression, Support Vector Machines (SVMs),
and Random Forests were the standard. For time-series data, researchers would extract
summary statistics (mean, variance, min, max) over fixed time windows, effectively
discarding the temporal dynamics essential for understanding disease progression [6].
For textual data, Bag-of-Words (BoW) or TF-IDF representations were common,
which ignored the sequential nature and semantic context of clinical narratives. While
these models possessed the advantage of interpretability, their capacity to model
complex, non-linear interactions between modalities was severely limited.
Furthermore, fusion was typically handled by simply concatenating feature vectors,
treating the modalities as independent sources of information rather than synergistic
views of the same underlying pathology.

2.2 Deep Learning Methods

The advent of Deep Learning shifted the paradigm toward automated feature
extraction. Recurrent Neural Networks (RNNSs), specifically Long Short-Term
Memory (LSTM) networks and Gated Recurrent Units (GRUSs), became the dominant
architecture for EHR time series due to their ability to handle variable-length
sequences. Work by Che et al. introduced GRU-D, which explicitly modeled the time
decay of information in irregularly sampled data [7]. Simultaneously, the NLP domain
saw a revolution with the introduction of Word2Vec, GloVe, and eventually the
Transformer architecture.

In the multimodal domain, recent works have attempted to bridge the gap. Approaches
like Multimodal BERT utilize a single Transformer stack to process concatenated
inputs. However, in the context of EHRs, the sheer length of time series combined
with lengthy clinical notes often exceeds the token limits of standard Transformers,
necessitating hierarchical or dual-stream approaches [8].

Regarding calibration, Guo et al. highlighted the miscalibration phenomenon in
modern neural networks. While Temperature Scaling is the most popular post-hoc fix,
recent research in computer vision suggests that mixup training and label smoothing
can improve calibration [9]. However, specific calibration techniques for multimodal
healthcare models, where the uncertainty might stem from conflicting modalities (e.g.,
normal vitals but concerning notes), remain underexplored.
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Chapter 3: Methodology
3.1 Overview of MedCali-FM

The proposed MedCali-FM framework is designed to ingest a sequence of
physiological measurements and a sequence of clinical notes associated with a patient's
hospital stay. The architecture consists of three main components: (1) A Time-Series
Encoder (£;) based on a modification of the Transformer tailored for continuous
values; (2) A Text Encoder (£}, initialized from a clinical language model; and (3) A
Calibration-Aware Fusion Module that integrates the representations and predicts the
clinical outcome.

Figure 1: MedCali-FM Architecture Diagram

Figure 1: Architecture Diagram

3.2 Input Representation and Encoding

Time-Series Embedding: EHR time series are sparse. Let X,,e math bbR™? represent
the multivariate time series, where 7'is the number of time steps and D is the number
of variables (e.g., heart rate, BP, SpO2). We utilize a discretization approach where
continuous time is bucketed, but we retain the precise time elapsed since the last
measurement as a positional encoding. The values are projected into a latent dimension
d,,.0qe1 USING @ linear layer followed by a temporal convolution to capture local trends
before entering the Transformer layers.

Text Embedding: Clinical notes are tokenized using a WordPiece tokenizer
specialized for medical corpora (e.g., ClinicalBERT). Let X, be the sequence of
tokens. These are passed through a pre-trained Transformer encoder (like ROBERTa)
to obtain contextualized embeddings. To manage computational complexity, we
implement a hierarchical attention mechanism where long notes are chunked, encoded,
and then aggregated [10].

3.3 Cross-Modal Fusion

To enable the modalities to interact, we employ a Cross-Attention mechanism.
Standard self-attention allows elements in a sequence to attend to each other. In our
cross-modal design, the time-series embeddings serve as the Queries (@), while the
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text embeddings serve as the Keys (K) and Values (1). This allows the model to
"query" the clinical notes for explanations relevant to specific physiological changes.

Mathematically, the attention is computed as:

QtsKMT) .
Vd, 7™

We also perform the reverse operation (Text querying Time Series) and concatenate
the outputs. This bidirectional flow ensures that ambiguities in the text can be resolved
by looking at hard data, and anomalies in the data can be contextualized by the text
[11].

Attention( Qs Ky Vige) = Softmax(

3.4 Pre-training Objectives

Before fine-tuning on the target task (e.g., mortality prediction), we pre-train MedCali-
FM on a large corpus of unlabeled patient visits. We utilize three losses:

1. Masked Forecasting: Randomly mask segments of the time series and predict the
missing values.

2. Masked Language Modeling (MLM): Standard BERT-style masking for the text.

3. Contrastive Alignment: We treat the time series and notes from the same patient
window as positive pairs and those from different patients as negative pairs. We
minimize the InfoNCE loss to pull the representations of consistent modalities together
in the latent space.

3.5 Differentiable Calibration

The core innovation of this work is the integration of calibration into the fine-tuning
loss. Standard Cross-Entropy (CE) loss minimizes the KL-divergence between the
predicted distribution and the one-hot target. However, it encourages the model to push
probabilities toward 0 and 1, leading to overconfidence.

We propose a composite loss function L,,.; that includes a Maximum Mean
Calibration Error (MMCE) penalty. MMCE is a kernel-based estimator of calibration
error that is fully differentiable, unlike the binning-based Expected Calibration Error
(ECE). By minimizing MMCE, we force the model's predicted probabilities to match
the local accuracy rates within the mini-batch.

The training objective is defined as:
Liota= (1= Leg+ A Ly

where A is a hyperparameter balancing discrimination and calibration. By optimizing
this directly, the model learns features that are robust and prevents the aggregation of
probability mass at the extremes unless supported by strong evidence [12].

Code Snippet 1: Implementation of the Calibration-Aware Loss Function in PyTorch

import torch
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import torch.nn as nn
import torch.nn.functional as F
class CalibratedLoss(nn.Module):
def __init__ (self, lambda_val=0.1):
super(CalibratedLoss, self).__init_ ()
self.lambda_val = lambda_val
self.ce_loss = nn.CrossEntropyLoss()
def mmce_loss(self, logits, targets):
# Differentiable kernel-based calibration error approximation
probs = torch.softmax(logits, dim=1)[:, 1] # Probability of positive class
labels = targets.float()
# Gaussian kernel width
sigma=0.4
# Pairwise computations for kernel matrix
# (Simplified for demonstration)
N = probs.size(0)
prob_diff = probs.unsqueeze(0) - probs.unsqueeze(1)
kernel = torch.exp(-(prob_diff2) / (2 sigma2))
error = (probs - labels)

mmce = torch.matmul(torch.matmul(error.unsqueeze(0), kernel),
error.unsqueeze(1))

return torch.sqrt(mmce + 1e-10) / N
def forward(self, logits, targets):
ce = self.ce_loss(logits, targets)
calibration_penalty = self.mmce_loss(logits, targets)

return (1 - self.lambda_val) ce + self.lambda_val calibration_penalty

Chapter 4: Experiments and Analysis
4.1 Experimental Setup

We evaluate MedCali-FM on the MIMIC-IV dataset, a large-scale de-identified
database comprising patients admitted to the Beth Israel Deaconess Medical Center.
We focus on two primary tasks: (1) In-hospital Mortality Prediction (binary

1034 |Page



A Multimodal Foundation Model for EHR Time Series and

classification), and (2) Phenotyping (multi-label classification of 25 common
conditions).

Data Preprocessing: We extract vital signs (heart rate, BP, respiratory rate, temp,
Sp0O2) and lab values (glucose, pH, etc.). Time series are re-sampled to hourly
intervals, with missing values handled via forward filling and masking indicators. For
text, we utilize discharge summaries and nursing notes recorded within the first 48
hours of admission to simulate an early warning scenario.

Implementation Details: The model is implemented in PyTorch. The Time-Series
Encoder has 4 layers, 8 attention heads, and hidden dimension 256. The Text Encoder
initializes weights from ClinicalBERT. We train using the AdamW optimizer with a
learning rate of 2e~> and a batch size of 64 on 4 NVIDIA A100 GPUs. The calibration
parameter A is set to 0.15 based on validation set performance.

4.2 Baselines

We compare our approach against the following baselines:

1. Logistic Regression: On concatenated aggregated features.

2. LSTM-Attn: A bi-directional LSTM with attention for time series only.
3. ClinicalBERT: Fine-tuned on text only.

4. Late Fusion: Separate LSTM and BERT models with concatenated outputs trained
via standard Cross-Entropy [13].

5. DAFT (Deep Adaptive Feature Interaction): A recent multimodal method for
EHR without explicit calibration mechanisms [14].

6. MedCali-FM (NoCal): Our architecture trained without the Differentiable
Calibration Loss to ablate the effect of the architecture vs. the loss.

4.3 Results

We report the Area Under the Receiver Operating Characteristic (AUROC) and Area
Under the Precision-Recall Curve (AUPRC) to measure discrimination performance.
Crucially, we report the Expected Calibration Error (ECE) to measure reliability
(lower is better).

Table 1: Performance Comparison on In-Hospital Mortality Prediction (MIMIC-1V)

Model Modality AUROC (1) AUPRC (1)
Logistic Regression TS + Text 0.764 0.382
LSTM-Attn TS 0.812 0.455
ClinicalBERT Text 0.805 0.441
Late Fusion TS + Text 0.844 0.512
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DAFT TS + Text 0.861 0.538

MedCali-FM (Ours) TS + Text 0.878 0.564

As shown in Table 1, MedCali-FM outperforms all baselines. The improvement over
DAFT suggests that our cross-attention mechanism and contrastive pre-training
provide better feature alignment than adaptive interaction alone.

Table 2 highlights the impact of our calibration strategy. Standard deep learning
models (LSTM, Late Fusion) exhibit high ECE scores (>0.05), indicating significant
miscalibration.

Table 2: Calibration Metrics Comparison (In-Hospital Mortality)

Model ECE () MCE (])
Late Fusion 0.082 0.154
DAFT 0.065 0.121
MedCali-FM (NoCal) 0.059 0.115
MedCali-FM (Ours) 0.018 0.042

The results demonstrate that while the architecture itself (MedCali-FM NoCal) offers
some calibration benefit—likely due to the robust representation learning—the
addition of the explicit calibration penalty (Ours) drastically reduces the ECE to 0.018.
This implies that the model's predicted probabilities are very close to the true
correctness likelihoods.

Baseline Model MedCali-FM
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Figure 2: Calibration Plots

4.4 Discussion
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The experiments reveal that multimodal data is synergistic; the text provides context
for vital sign anomalies, and vice versa. However, the most significant finding is the
efficacy of the Differentiable Calibration Loss. In many instances, the uncalibrated
models predicted mortality risk >90% for patients who eventually survived, likely
latching onto specific high-risk keywords or transient vitals spikes. MedCali-FM,
constrained by the calibration loss, moderated these predictions to the 60-70% range,
accurately reflecting the clinical uncertainty [15]. This behavior is essential for gaining
clinician trust, as it reduces the "cry wolf" phenomenon associated with Al alarm
fatigue.

Chapter 5: Conclusion
5.1 Summary and Implications

In this paper, we presented MedCali-FM, a foundation model architecture that
effectively synthesizes EHR time series and clinical notes. By moving beyond simple
fusion strategies and incorporating a specialized cross-attention mechanism, we
achieved superior predictive performance on the MIMIC-IV dataset. More
importantly, we addressed the critical safety issue of model calibration. Through the
introduction of a differentiable calibration objective during fine-tuning, we
demonstrated that it is possible to build high-performance deep learning models that
are also reliable and honest in their uncertainty estimates.

The implications of this work extend to the practical deployment of Al in healthcare. A
calibrated model allows clinicians to set meaningful decision thresholds. For instance,
an intervention might only be triggered if the calibrated risk exceeds a certain
percentage, a strategy that fails if the probabilities are skewed. Furthermore, the ability
to utilize unstructured text alongside structured data maximizes the utility of the data
available in modern hospital systems, ensuring no valuable information is discarded.

5.2 Limitations and Future Directions

Despite these advances, several limitations remain. First, the computational cost of
processing long sequences of text and high-frequency time series via Transformers is
substantial. Future work must investigate efficient attention mechanisms, such as
Performer or Linformer, to reduce the quadratic complexity and enable real-time
inference on edge devices.

Second, our evaluation was limited to the MIMIC-IV dataset. While standard in the
field, it represents a single medical center's population. External validation on datasets
from different healthcare systems and countries is necessary to assess the model's
generalizability and robustness to distribution shifts.

Third, while we achieved calibration on the in-domain test set, deep learning models
are prone to becoming miscalibrated under domain shift (e.g., a new virus strain or a
change in hospital protocol). Future research should explore "uncertainty
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quantification™ techniques that can distinguish between aleatoric uncertainty (data
noise) and epistemic uncertainty (model ignorance) to further enhance safety in out-of-
distribution scenarios. Finally, we aim to extend MedCali-FM to include medical
imaging (pixel data) to create a truly holistic tri-modal foundation model for patient
care.
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