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Abstract
Within the intensive care unit (ICU), a wealth
of patient data, including clinical measurements
and clinical notes, is readily available. This
data is a valuable resource for comprehending
patient health and informing medical decisions,
but it also contains many challenges in analy-
sis. Deep learning models show promise in ex-
tracting meaningful patterns, but they require
extensive labeled data, a challenge in critical
care. To address this, we propose a novel ap-
proach employing self-supervised pretraining,
focusing on the alignment of clinical measure-
ments and notes. Our approach combines con-
trastive and masked token prediction tasks dur-
ing pretraining. Semi-supervised experiments
on the MIMIC-III dataset demonstrate the ef-
fectiveness of our self-supervised pretraining. In
downstream tasks, including in-hospital mortal-
ity prediction and phenotyping, our pretrained
model outperforms baselines in settings where
only a fraction of the data is labeled, empha-
sizing its ability to enhance ICU data analysis.
Notably, our method excels in situations where
very few labels are available, as evidenced by an
increase in the AUC-ROC for in-hospital mor-
tality by 0.17 and in AUC-PR for phenotyping
by 0.1 when only 1% of labels are accessible.
This work advances self-supervised learning in
the healthcare domain, optimizing clinical in-
sights from abundant yet challenging ICU data.

Keywords: Pretraining, Deep Learning, Mul-
timodal, EHR, Prediction, Phenotyping

1. Introduction

In intensive care units (ICUs), the admission of a
patient triggers the generation of a vast amount of
data, particularly in the form of measurements and

clinical notes. This data encompasses vital signs,
laboratory test results, imaging reports, and physi-
cian notes, providing a comprehensive snapshot of
the patient’s health status (Johnson et al., 2016).
The measurements serve as objective indicators of the
patient’s physiological state, while the clinical notes
document healthcare professionals’ observations, di-
agnoses, treatment plans, and other information.
Collectively, this data plays a crucial role in providing
valuable insights into a patient’s condition, monitor-
ing her/his progress, and guiding medical decisions
throughout the ICU admission.

Effectively harnessing the abundance of data in
the ICU poses significant challenges (Kruse et al.,
2016), given the sheer volume of information, cou-
pled with continuous monitoring and documentation,
which can overwhelm healthcare providers. Extract-
ing meaningful patterns and knowledge from this
complex data requires sophisticated computational
techniques and specialized algorithms. Furthermore,
the data’s diversity, heterogeneity, potential noise,
and varying rates of missing values add extra lay-
ers of complexity to analysis and interpretation (Xiao
et al., 2018). In recent years, deep learning mod-
els have emerged as powerful tools for automatically
learning tasks from large-scale data; however, they
face a significant limitation due to their dependence
on substantial labeled data for training (Fredriksson
et al., 2020). Labeling data involves associating each
data point with a specific target, such as a diagno-
sis or clinical outcome. In the ICU context, obtain-
ing labeled data for training deep learning models
is time-consuming, expensive, and often impractical
(Xiao et al., 2018). Expert annotations are required,
which may not always be readily available due to pri-
vacy concerns, specialized expertise, and the urgency
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of medical decision-making in critical care settings.
Modeling often relies on codes for labels that may
not be available at the time of admission (Xiao et al.,
2018).

As a potential solution to this challenge, self-
supervised pretraining has emerged. However, it’s es-
sential to note that several existing medical pretrain-
ing methods (McDermott et al., 2021; Tipirneni and
Reddy, 2022), predominantly rely on a single modal-
ity. These unimodal approaches do not fully harness
the potential of multiple modalities to enhance their
performance through alignment strategies. This lim-
itation represents a significant opportunity for fur-
ther research and development in the field of medi-
cal AI. Furthermore, beyond self-supervised pretrain-
ing, multimodal pretraining methods (Radford et al.,
2021; Lu et al., 2019; Li et al., 2019; Su et al., 2019;
Zhang et al., 2020) have demonstrated the effective-
ness of utilizing different modalities to pretrain mod-
els.

In the context of ICUs, clinical notes and measure-
ments represent separate but complementary modal-
ities that describe the same patient event. Clini-
cal notes provide textual context, capturing subjec-
tive observations and interpretations from healthcare
providers, while measurements offer objective numer-
ical data reflecting the patient’s physiological state.
By incorporating both modalities during pretraining,
deep learning models can potentially capture a more
comprehensive understanding of the patient’s condi-
tion and enable more accurate predictions.

To address the challenge of jointly embedding clini-
cal notes and measurements from the same ICU stay,
our devised training scheme enables multiple notes
to be mapped to the embedding of a single ICU stay.
This strategy allows notes and measurements to be
aligned using JE-SSL methods. We enhance this
pretraining process by incorporating masking, ulti-
mately increasing the number of training examples,
particularly benefiting the modality with the fewest
available samples.

We proceed to evaluate the performance of a model
pretrained through our method across in-hospital
mortality (IHM) and phenotyping tasks. Addition-
ally, we assess the ability of our pretraining to
learn meaningful embeddings through linear classi-
fier training and evaluate cross-modality retrieval. In
the context of the IHM task, we introduce a zero-
shot evaluation during pretraining. Lastly, we gauge
our model’s performance in a semi-supervised setting
with limited labeled data.

Through these comprehensive evaluations, we aim
to establish the efficacy of our proposed model
in enhancing ICU data analysis, improving clinical
decision-making, and unraveling complex critical care
scenarios. Our contributions can be summarized as
follows:

1. We designed a novel pretraining approach that
facilitates the alignment of clinical measure-
ments and notes, enabling us to create a multi-
modal pretraining objective.

2. We evaluate the performance of our pretrained
model across multiple tasks, demonstrating its
ability to learn meaningful clinical representa-
tions and improve the performance of down-
stream tasks even with limited labeled data.

3. We establish a zero-shot evaluation task for
assessing the performance of multimodal pre-
trained models during the pretraining phase.

2. Related Works

2.1. Multimodal Pretraining

Multimodal pretraining methods have demonstrated
success in preparing models for various downstream
tasks (Radford et al., 2021; Bardes et al., 2021). In
the following sections, we will introduce the current
methods employed in multimodal pretraining.

2.1.1. Contrastive Learning

Contrastive learning methods create joint embed-
dings through similar and dissimilar views of data.
For example, contrastive pretraining on image data
(Chen et al., 2020) applies compositions of transfor-
mations to input images. Researchers have extended
these techniques beyond a single modality, demon-
strating that supervised language models help vision
transformers learn semantic representations more ef-
fectively (Ghiasi et al., 2022). Learning captions as-
sociated with images has also shown to improve vi-
sual models (Radford et al., 2021). Other methods
use both modalities together while separating their
learned representations (Liang et al., 2022). With
medical data, one learning approach uses pairs of im-
ages and text, despite medical data lacking the high
inter-class similarity found in other imaging applica-
tions (Zhang et al., 2020). This work will use such
contrastive approaches to align multimodal medical
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data. Similar to our method, Raghu et al. (2022) de-
velops a contrastive pretraining method for waveform
and vitals measurements. However, our approach in-
corporates clinical notes instead of waveforms.

2.1.2. Masked Pretraining

Masked pretraining is a powerful technique that has
demonstrated success in both language and vision do-
mains. It involves training models to predict masked
or missing portions of input data, effectively encour-
aging the model to learn meaningful representations
of the entire input. This approach has been widely
adopted in language models such as BERT (Devlin
et al., 2019), where words are randomly masked in a
sentence, and the model learns to predict the missing
words based on the context of the surrounding words.
In the context of vision, masked pretraining has

been applied to image data as well. Models like Visu-
alBERT (Li et al., 2019) utilize masked image regions
and captions to train joint vision-language represen-
tations. Similarly, in ViT (He et al., 2022), masked
patches of images are used to learn representations
that capture global visual context. This technique
has enabled models to understand images beyond in-
dividual objects and focus on relationships between
different regions.
Masked pretraining has also been extended to mul-

timodal learning, such as in VL-BERT (Su et al.,
2019), where both text and image modalities are
masked to predict missing parts, fostering a com-
prehensive understanding of their interactions. Fur-
thermore, the idea of masked pretraining has been
applied to healthcare settings, like in ClinicalBERT
(Alsentzer et al., 2019), for learning representations
from electronic health records, contributing to better
medical data analysis.

2.2. Medical Outcome Prediction

In the realm of medical modeling, two common and
critical task involve predicting in-hospital mortality
and phenotyping, particularly in intensive care units
(ICUs). The freely accessible MIMIC-III dataset has
been extensively employed for such applications, uti-
lizing biomedical text data (Ghassemi et al., 2014)
as well as time-series data (Ghassemi et al., 2015;
Harutyunyan et al., 2019). Taking a step further, our
work extends this by evaluating mortality and phe-
notyping prediction using a combination of both text
and time-series tabular data. Notably, a fused model
has demonstrated improved prediction performance

in this context (Shukla and Marlin, 2020). However,
it’s important to highlight that this fused model ne-
cessitates the presence of both modalities for making
predictions. In contrast, our dual encoder setup offers
the flexibility to utilize each modality individually af-
ter the pretraining stage, enhancing the adaptability
of the model for diverse clinical scenarios.

3. Methods

Measurement time series and clinical notes from the
same ICU stay are different modalities describing the
same event, each containing additional information.
However, the representation of text data in the form
of token IDs and measurement time series varies dras-
tically, making it challenging for machine learning
models to discern the similarities between the two. To
address this challenge, we aim to align these modal-
ities within a joint embedding space. Our hypothe-
sis is that the features learned for aligning these two
modalities will also prove beneficial for downstream
clinical tasks.

Our proposed method is comprised of two dis-
tinct phases. The first phase involves the pretraining
of two modality specific encoders through alignment
and masked prediction. Subsequently, in the second
phase, we proceed to fine-tune each model separately
on a range of downstream tasks. The objective func-
tion that we develop to pretrain our model can be
broken down into two main component: a masked
prediction component and a contrastive component.
The following section describes the details of our pro-
posed pretraining method. We provide a visual de-
piction of our pretraining in Figure 1.

3.1. Alignment Pretraining

Throughout this section, our focus centers on a med-
ical dataset, wherein each sample within the dataset
consists of a timeseries of measurements,M, and a set
of medical notes, {T0 · · ·TI}, where I is the cardinal-
ity of the set. For each distinct sample, the collection
of measurements and notes corresponds to a shared
ICU stay. We introduce a measurement encoder, EM ,
and text encoder, ET , designed to process batches of
sequences of measurements and notes, generating cor-
responding sequences of embedded representations,
denoted as HM and HT for the measurements and a
single clinical note respectively.

The core focus of our multi-modal training objec-
tive is on achieving alignment between two distinct
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             At baseline, the patient has shortness of                             

 and dyspnea on exertion. Two days prior to admission, the
patient believes that he acquired a cold because he subsequently

 developed a cough that was nonproductive.

Modeling of Text Embeddings Modeling of Measurement Embeddings

breath

[MASK]
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Figure 1: This figure provides a graphical representation of our proposed framework. Inputs from the dif-
ferent modalities are transformed by their modality specific models. The two models are trained
to align the class output of the final layer, HCLS , and reconstruct masked tokens.

modalities, guided by the principles of contrastive
learning. In the context of JE-SSL (Radford et al.,
2021), the fundamental objective is twofold: to maxi-
mize the similarity among positive pairs of data while
minimizing the similarity within negative pairs. For
our context, positive pairs consist of measurements
and notes attributed to the same ICU stay, while neg-
ative pairs consist of all other combinations of mea-
surements and notes in the dataset. This involves
mapping both measurements and notes into a joint
embedding space, where the cosine similarity between
their respective representations is maximized.

Integrating clinical notes into the learning process
in clinical data presents challenges. Ideally, all ICU
stay notes would be seamlessly incorporated, either
through specialized models for extended sequences or
consolidating them into a single representation. How-
ever, obstacles arise. Many ICU stays have over 100
notes, increasing computational demands for train-
ing. In addition, the effectiveness of contrastive train-
ing relies on ample positive pairs. However, in uni-
modal clinical contexts, the number of measurement
windows is typically much smaller than the number of
notes, which limits the availability of positive pairs.

Addressing these challenges, we introduce a
method that efficiently manages computational re-
sources while concurrently maximizing the abun-
dance of training pairs, essential for effective con-
trastive pretraining. In our proposed method we con-
sider every combination of measurements and notes.
In doing so, we are able to increase the number of
positive pairs to the total number of notes, N , in our
dataset. We define our alignment objective as:

LAlignment = LMT + LTM

Where LMT and LTM are defined as:

LMT = − 1

2N

N∑
j=1

log

 exp(⟨ĤM
j , ĤT

j ⟩/τ)∑
Ĥ−T∈NT

exp(⟨ĤM
j , Ĥ−T ⟩/τ)


︸ ︷︷ ︸

Contrast measurements with notes

LTM = − 1

2N

N∑
k=1

log

 exp(⟨ĤM
k , ĤT

k ⟩/τ)∑
Ĥ−M∈NM

exp(⟨Ĥ−M , ĤT
k ⟩/τ)


︸ ︷︷ ︸

Contrast notes with measurements

Here ⟨·, ·⟩ is the inner product between the vectors,
ĤM

j and ĤT
j is the normalized embedding of the class

representation for the text and measurement modal-
ity respectively. τ is the temperature hyperparam-
eter, N T is the set of negative note pairs given a
measurement window, and NM is the set of negative
measurement pairs given a note. The class repre-
sentation of each modality is computed using a class
token at the beginning of each sequence. For note
embeddings, this is done using a reserved class em-
bedding at the beginning of each sequence. For mea-
surements, we utilize a learned class token at the be-
ginning of each sequence similar to Dosovitskiy et al.
(2020). By minimizing this loss, the similarity be-
tween positive embedding pairs is increased while the
similarity between negative pairs is decreased.
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In many contrastive training objectives, negative
pairs are considered to be all other pairs in a dataset,
However, in our setting, it does not make sense to de-
crease the similarity between a pair of measurements
and notes from the same ICU admission. To avoid
this situation, we consider the set of negative pairs
to be samples from other ICU stays. In practice, we
train our models on this objective by randomly sam-
pling a note from each ICU stay as a positive pair
during each epoch.

3.2. Masked Pretraining

Incorporating insights from recent advancements like
ViL-BERT (Lu et al., 2019), which emphasize com-
bining alignment prediction and masked token predic-
tion in multi-modal pretraining, we adopt a similar
approach. We tokenize clinical notes using the Clini-
calBERT (Alsentzer et al., 2019) tokenizer, originally
trained on the MIMIC-III dataset’s notes. Measure-
ment data is embedded at each time step in our se-
quence using a linear projection of the input data.
Our masking strategy replaces notes with a mask
embedding token and measurements with the mean
measurement values.

Following the principles of He et al. (2022); Devlin
et al. (2019), our method involves forwarding the fi-
nal layer’s output through a linear layer. This linear
layer adjusts the output’s dimensionality for the sub-
sequent reconstruction task: for notes, it aligns with
the number of note tokens, and for measurements, it
corresponds to the size of a measurement at a spe-
cific time. The reconstruction loss focuses solely on
the masked tokens and their reconstructed counter-
parts.

For notes, we employ cross-entropy loss to measure
the difference between predicted target tokens and
actual token values. For measurements, we use the
Smoothed L1 loss (Girshick, 2015) to prevent explod-
ing gradients for very large or small measurement val-
ues. Our final objective combines the contributions
of the masked and contrastive objectives.

3.3. Model Architectures

In this section, we define the architectures used dur-
ing our experiments. We choose to use transformer
based models for both our modalities. More details
about their implementations are in the following sec-
tions.

3.3.1. Text Encoder Architecture

Our text encoder is based on the BERT architecture.
The input to the model consists of tokenized medi-
cal notes. These tokens are mapped to corresponding
learnable embeddings. To account for the sequential
order of tokens, we add a positional embedding to
the token embeddings. The resultant embeddings are
then passed through a multi-layer transformer model,
ultimately generating the final embedding represen-
tation for the text modality. A linear layer is used
to project the last hidden state for token prediction.
An additional linear layer is used for the last hidden
state of the class token so that it can be projected
to the same size as the measurement encoders class
representation.

3.3.2. Measurement Encoder Architecture

The architecture of our measurement encoder is akin
to that of the text encoder, with a distinction in the
initial embedding process. We opt to employ a lin-
ear layer to embed the measurement data into to-
ken embeddings. In addition, a fixed sinusoidal posi-
tional embedding is combined with the token embed-
dings. The resulting embeddings are subsequently fed
through a transformer model architecture to produce
the final embedding for the measurement modality.
Similar to the text encoder, linear layers are used to
project the final layer for masked reconstruction and
class token alignment.

4. Experiments

In this section, we outline the experimental frame-
work designed to assess the effectiveness of our model
across both pretraining and downstream tasks. The
subsequent subsections detail the dataset employed
for experimentation, encompassing any preprocessing
procedures undertaken. We then proceed to elab-
orate on our pretraining experiments and describe
the metrics employed for evaluating our model’s per-
formance in this phase. Finally, we describe the
methodology applied to train and evaluate our model
on various downstream tasks. Our implementation
is written using the PyTorch library (Paszke et al.,
2019) using 1 NVIDIA RTX A5000 GPUs. The
code for our experiments is publicly available on
GitHub: https://github.com/kingrc15/multimodal-
clinical-pretraining
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4.1. Data

In our experimental setup, we leverage the pub-
licly accessible MIMIC-III dataset, a comprehen-
sive repository of de-identified health records from
patients admitted to intensive care units (ICUs).
Within this dataset, a wealth of clinical measure-
ments, medical notes, and related data is available, all
associated with unique hospital admission stay iden-
tifiers. For the measurement data, we apply the pre-
processing pipeline used in Harutyunyan et al. (2019)
resulting in uniform sequences of 17 measurements.
We utilize the same train, validation, and test splits
used in the benchmark.
Simultaneously, we construct the notes dataset by

merging various types of notes with measurements,
emphasizing information relevant to our downstream
tasks. This process significantly augments the mea-
surement dataset, enhancing the potential for learn-
ing meaningful representations.
During fine-tuning, we use the MIMIC-III bench-

mark dataset (Harutyunyan et al., 2019), maintaining
the same train, validation, and test splits while in-
corporating additional hospital admissions that were
excluded during the initial data preparation. For a
full description of the data, see Appendix C.

4.2. Pretraining

We train the described text and measurement en-
coders using our proposed pretraining objective.
Each of the modality specific architectures is a trans-
former consisting of 8 layers with a hidden dimen-
sion of 128, 8 attention heads, and a GELU activa-
tion function. We train our model with an AdamW
optimizer (Loshchilov and Hutter, 2017a) with a co-
sine annealing learning rate schedule (Loshchilov and
Hutter, 2017b). We use the train split of our multi-
modal dataset to train our models while the valida-
tion dataset is used for tuning hyperparameters.
Building upon previous research in multimodal pre-

training (Radford et al., 2021), we perform an evalu-
ation that centers on the model’s capacity to retrieve
relevant samples from the complementary modality.
This evaluation entails measuring the similarity be-
tween pairs of samples within both the measurement
and notes datasets. To be specific, we calculate the
recall at the top-k retrieval, where k represents the
number of retrieved items. For the purpose of tuning
our model’s hyperparameters, we utilize the mean of
the top-1 recall for both modalities on our held-out
validation dataset. The results, including recall val-

ues at the top-1, 5, and 10, for our best-performing
model pretrained with alignment only and alignment
+ masking, are presented in Table 3.

We used the best hyperparameters from our grid
search and retrained a model for 100 epochs. This
model was then used for our downstream tasks.

4.3. Downstream Tasks

Our objective is to determine if pretraining is useful
for learning essential features for downstream tasks.
To assess this, we conducted evaluations on two
downstream tasks. The first is the IHM benchmark
task. This task involves binary classification, wherein
the model predicts whether a patient will pass away
during their ICU stay, based on the initial 48 hours
of available information. To evaluate performance,
we adopted the area under the curve of the receiver
operating characteristic curve (AUC-ROC) and area
under the precision recall curve (AUC-PR) metrics to
measure the alignment between the model’s predicted
labels and the true labels.

Our second task is the phenotyping benchmark,
which is a multi-class multi-label classification task.
In this scenario, the model’s objective is to predict
the presence of any of the 25 given phenotypes, utiliz-
ing the measurements collected during an ICU stay.
For assessing model performance, we employed the
macro-AUC-ROC and micro-AUC-ROC metrics, fa-
cilitating an evaluation of the alignment between the
model’s predicted labels and the true labels.

For both of these tasks, we employ the measure-
ment encoder with a linear classifier initialized with
random weights. This linear layer, transforming the
class token embedding from the final layers into pre-
dicted labels. An AdamW optimizer (Loshchilov and
Hutter, 2017a) is used to update the model along with
a cosine annealing learning rate schedule (Loshchilov
and Hutter, 2017b).

In the following sections we describe three exper-
iments that evaluate the ability of our pretraining
to learn meaningful representations for downstream
tasks. In each of the settings, our best pretrained
model is used and compared to a randomly initial-
ized model along with related methods.

4.4. Zero-Shot Evaluation

We introduce a zero-shot evaluation method using
the IHM task. Our approach initiates by process-
ing two distinct phrases through our text encoder:
”patient deceased” and ”discharged today.” These
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phrases serve as indicators of whether a patient ex-
pired during their ICU stay or was discharged. Sub-
sequently, for each measurement in our held out test
dataset, we apply our measurement encoder. We ex-
tract the class token representations from the final
layer of each model and compute the cosine similar-
ity between each pair. These cosine similarity scores
are then transformed into a probability distribution
through a softmax function. These probabilities are
treated as the model’s predicted labels, which are
subsequently compared with the ground truth labels
for evaluation.

Intuitively, this evaluation measures the alignment
of the measurement data with our two anchor phrases
and assigns a probability score that indicates their
closest connection. This process allows us to effec-
tively assess the degree of alignment between the em-
bedding space and the text, all without the need for
explicit labels. It’s a tailored approach, specifically
designed for the IHM task.

4.5. Linear Evaluation

Following previous work on JE-SSL pretraining
(Chen et al., 2020), we follow the linear evaluation
protocol where a linear classifier is trained on top
of the frozen pretrained model. The objective of
this evaluation is to understand how well the fea-
tures learned by the JE-SSL model can generalize to
new, task-specific data. If the features are general-
izable, the linear classifier should achieve reasonable
performance on the downstream task, even without
fine-tuning the whole model.

4.6. Semi-Supervised Evaluation

We extend our analysis by conducting supplementary
experiments aimed at understanding the influence of
the pretraining phase on downstream classification
tasks with minimal labeled data. The hypothesis is
that a well-pretrained model requires fewer labeled
examples during the fine-tuning process. To investi-
gate this, we conduct three distinct semi-supervised
experiments, using 1%, 10%, and 50% of the available
data as training samples. We subsequently assess the
model’s performance on withheld datasets to ascer-
tain its ability to generalize under constrained labeled
data scenarios. This approach affords insights into
the pretraining’s efficacy concerning data efficiency
and the model’s adaptability to scenarios with mini-
mal labeled data.

5. Results and Discussion

In this section we report the results of our evaluation
experiments. We report the zero-shot, linear and the
semi-supervised evaluation results and discuss below.

5.1. Zero-Shot Evaluation

Using Subsequently, we evaluate this pretrained
model on the test split, where it attains an AUC-ROC
of 0.709 and an AUC-PR of 0.214. This pretrained
model serves as the foundation for our subsequent
evaluations. Appendix B contains a detailed list of
the best hyperparameters resulting from this search.

Remarkably, even in the absence of labeled data,
our measurement model demonstrates the capacity to
acquire features that hold significance for IHM tasks.
Although these results are notably below fully su-
pervised scores, this evaluation provides valuable in-
sights into the learning process of the measurement
model during pretraining.

5.2. Linear Evaluation

We adopt a grid search approach to optimize hyper-
parameters for this task, specifically weight decay,
learning rate, and the number of training epochs. Our
hyperparameter selection is based on minimizing the
loss on the validation dataset after training on the
training dataset. The search space for hyperparame-
ters is comprehensively outlined in Appendix B.

In Table 2, we present the results on our test
dataset, comparing them with a fully supervised
model from the MIMIC-III benchmark for reference.
Notably, our findings indicate that a linear classifier
trained on the fixed representations of the measure-
ment model achieves performance levels nearly equiv-
alent to those of a fully supervised model. This ob-
servation underscores the substantial utility of the
learned representations for both phenotyping and in-
hospital mortality prediction tasks and demonstrates
that the features learned for alignment are also useful
for downstream tasks.

5.3. Semi-Supervised Evaluation

We conduct a grid search for hyperparameters using
the train and validation dataset. For more details,
see Appendix B.

Table 1 presents our results on the test dataset.
In this evaluation, we compare our method with two
models trained on all the data from the MIMIC-III
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In-Hospital-Mortality Phenotyping
Modality Labels AUC-ROC AUC-PR Macro AUC-ROC Micro AUC-ROC

LR∗ 100% 0.848 (0.020) 0.301 (0.001) 0.739 (0.005) 0.799 (0.003)

LSTM∗ 50% 0.836 (0.004) 0.448 (0.011) 0.746 (0.002) 0.801 (0.002)
100% 0.855 (0.020) 0.485 (0.053) 0.770 (0.004) 0.821 (0.003)

Baseline

1% 0.528 (0.097) 0.140 (0.036) 0.563 (0.004) 0.702 (0.003)
10% 0.794 (0.008) 0.373 (0.008) 0.655 (0.018) 0.740 (0.007)
50% 0.831 (0.004) 0.455 (0.014) 0.727 (0.006) 0.787 (0.006)

Ours

1% 0.706 (0.024) 0.237 (0.017) 0.659 (0.002) 0.743 (0.003)
10% 0.815 (0.010) 0.390 (0.012) 0.703 (0.004) 0.766 (0.006)
50% 0.850 (0.003) 0.493 (0.004) 0.727 (0.001) 0.788 (0.001)
100% 0.856 (0.004) 0.495 (0.005) 0.742 (0.003) 0.798 (0.003)

Table 1: We present the results of our semi-superivsed experiments, both with and without pretraining.
We report the mean results and standard deviations obtained from five runs. * results are from
Harutyunyan et al. (2019)

Method AUC-ROC AUC-PR

IH
M Baseline 0.855 (0.020) 0.485 (0.053)

Ours 0.828 (0.001) 0.402 (0.001)
Macro Micro

P
h
en Baseline 0.770 (0.004) 0.821 (0.003)

Ours 0.710 (0.001) 0.776 (0.001)

Table 2: We present the results of our linear evalua-
tion experiments for IHM and Phenotyping
(Phen), with the MIMIC-III Benchmark’s
fully supervised model as a reference. We
report the mean results and standard devi-
ation from five runs.

benchmark, which serve as reference points. Addi-
tionally, we assess our method against a randomly
initialized model trained on the same data, provid-
ing a baseline for evaluating the effectiveness of our
pretraining.

Our results indicate that our proposed pretraining
scheme performs optimally when the percentage of la-
beled data is smaller. We observe the most significant
improvements when only 1% of the labels are avail-
able for both IHM and Phenotyping tasks in compar-
ison to a randomly initialized model. Furthermore,
our pretrained model achieves nearly identical results
to a fully supervised model when only half of the la-
bels are available for the IHM task. This demon-
strates the efficacy of our pretraining approach, par-
ticularly in semi-supervised scenarios.

Additionally, we observed an improvement in phe-
notyping results when 1% and 10% of the labels were
available. However, this increase was not observed

with a higher percentage of labels, specifically for
the phenotyping task. At 50% of the labels our ap-
proach outperforms the LSTM-based baseline for the
IHM task (0.850 AUC-ROC versus 0.835, with non-
overlapping confidence intervals). The results for the
phenotyping task are similar, with our model achiev-
ing a micro score of 0.79 versus the benchmark model
of 0.80. At 50%, our model performs similarly to the
randomly initialized models. While the linear evalu-
ation results lead us to believe the pretrained model
is learning useful features for this task, the reason
for this decline in performance is unclear. We believe
that our model may be suffering from catastrophic
forgetting, a phenomenon where learned features are
forgotten (French, 1999). Additionally, due to the
sparsity of some of the labels, and their clinical sim-
ilarity, it is possible that the model is forgetting key
features that would differentiate the phenotypes from
each other. This issue may be addressed through
catastrophic forgetting mitigation methods as well as
further clinical interpretation of the learned repre-
sentations, and we leave it as a key limitation to be
addressed in future work.

6. Limitations and Conclusions

The primary focus of our work is to develop a pre-
training method that enriches a measurement model
with insights from clinical notes. We have demon-
strated that our pretraining method is effective in
learning valuable representations for various clinical
prediction tasks across data modalities. However, it’s
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important to acknowledge that our proposed training
scheme does place limitations on the expressive capa-
bilities of the notes model. Future research avenues
could concentrate on techniques that simultaneously
develop both text and measurement encoders.

Furthermore, while we have introduced the IHM
zero-shot evaluation as one criterion for assessing the
measurement encoder during pretraining, it’s worth
noting that other zero-shot tasks for various bench-
mark tasks could be devised. However, determining
the most effective evaluation approach across all tasks
remains an open question.

Notably, our pretraining method and model ex-
cels in scenarios where labeled data is scarce. This
is demonstrated by our semi-supervised experiments,
which utilize only a small fraction of the available
labels and achieve significant improvements in both
AUC-ROC and AUC-PR metrics. This has the po-
tential to significantly reduce the labeling costs for
clinics when training models with data from their
EHRs and improve accuracy of models deployed in
these settings.
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Appendix A. Retrieval Task

The results, including recall values at the top-1, 5,
and 10, for our best-performing model pretrained
with alignment only and alignment + masking, are
presented in Table 3. We found that recall for both
setting remain very small. However, we do note that
the addition of masking increased the recall signifi-
cantly.

Appendix B. Hyperparameter Search

To select the hyperparameters for our pretraining,
we conduct a grid search over 5 epochs for learning
rate, weight decay, measurement and notes dropout
rates, the temperature, the batch size, and mask rate
for each modality. For learning rate we used 0.0001,
0.00001, and 0.000001. For weight decay we used 0.2,
0.1, and 0.01. For measurement and note dropout we
used 0.0 and 0.1. For temperature we used 0.1, 0.07,
and 0.05. For batch size we used 16, 32, 64, and 128.
For measurement and note masking we used 0.0, 0.1,
and 0.2.
To select the hyperparameters for linear evalua-

tion, we conduct a grid search over batch size, epochs,
learning rate, and weight decay. For batch size, we
used 8, 16, 32, and 64. For epochs, we used 1, 2, 3,
4, and 5. For learning rate, we used 1e-3, 1e-4, and
1e-5.
To select the hyperparameters for our semi-

supervised experiments, we conduct a grid search
over batch size, epochs, learning rate, and weight de-
cay. The search space for batch size, learning rate and
weight decay are the same as the linear evaluation.
For the pretrained model, the epochs are the same
as the linear evaluation. For fair comparison, we al-
low the randomly initialized model to train longer as
we notice that it performs better with more epochs.
The epochs used during the search for the randomly
initialized model were 5, 10, 15, and 20.
Following Chen et al. (2020), we also use a different

higher learning rate for the randomly initialized linear
classifier when finetuing our pretrained model. This
is done to avoid catastrophic forgetting. The search
space for the linear classifier learning rate is 1e-2, 1e-
3, and 1e-4.

Appendix C. Data Description

Our experimental setup involves the utilization of the
MIMIC-III dataset (Johnson et al., 2016), a publicly

accessible critical care database known as the Medical
Information Mart for Intensive Care III (MIMIC-III).
This dataset contains de-identified health records of
patients admitted to intensive care units (ICUs).
Within MIMIC-III, a diverse range of clinical mea-
surements, medical notes, and related information is
available, each linked to unique identifiers for ICU
stays. These identifiers enable us to match measure-
ments and notes corresponding to the same ICU stay,
thus forming a focused subset for our analysis.

To construct this subset, we start by forming the
measurement subset. Following the methodology
outlined in Harutyunyan et al. (2019), we acquire our
measurement data. Specifically, we select 17 clinical
features encompassing both categorical and contin-
uous values from each ICU stay. We exclude cases
involving ICU transfers, multiple ICU stays, pedi-
atric patients, and instances with invalid or missing
IDs. A series of measurements is then created us-
ing uniform time intervals, with missing values im-
puted based on previous measurements. In cases
where preceding measurements are unavailable, nor-
mal values are imputed. Subsequently, the features
are normalized before being fed into the measurement
encoder. We split this dataset into training and test-
ing subsets, with the test set comprising 15% of the
split. Additionally, we further partition the training
data into training and validation subsets, maintain-
ing these same splits during both the pretraining and
fine-tuning phases. For a comprehensive description
of the preprocessing pipeline, refer to Harutyunyan
et al. (2019).

Subsequently, we proceed to establish the notes
datasets by utilizing the MIMIC-III notes table. The
dataset comprises various types of notes, each of
which can be matched with measurement windows.
To focus on pertinent information for our down-
stream tasks, certain measurements, such as ”So-
cial Work” and ”Case Management,” are excluded.
In our dataset, we retain the following note types:
Echo, ECG, Nursing, Physician, Respiratory, Radi-
ology, and Discharge Summary. We merge this ta-
ble of notes to measurements based on their Hos-
pital Admission ID, using an inner join. We filter
out notes that do not happen within the window of
the measurements for all notes except for Discharge
Summaries which provide a summary of the Hospital
Admission. Finally, we set a max sequence length of
256 for both modalities. For windows that are longer
than the predefined window size, we select a random
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M2N N2M
R@1 R@5 R@10 R@1 R@5 R@10

Align 0.065 0.195 0.391 0.261 0.977 1.498
Align+Mask 0.758 4.090 7.123 1.011 4.000 7.330

Table 3: We present the recall values for our top-performing models, both with and without masking, for two
tasks: M2N (notes given measurement retrieval) and N2M (measurements given notes retrieval)

window of measurements of the max size during each
training iteration.
This process of matching notes with measurements

significantly augments the measurement dataset, ex-
panding it from an initial count of 24,864 to a to-
tal of 186,357 positive pairs. This expansion con-
tributes an increased number of representations for
the measurement encoder to learn from, enhancing
its training potential. During fine-tuning, we simply
use the MIMIC-III benchmark dataset which contains
the same train, validation, and test splits but contains
more hospital admissions that were excluded during
the join of the measurement and notes.
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