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Abstract

The digital transformation in healthcare has dramatically increased data
availability, yet the potential for data-driven insights is frequently con-
strained by the quality of data. Securing high-quality data is particularly
challenging in fields like healthcare, where expert involvement is crucial for
gathering, annotating, and ensuring data quality. This thesis applies deep
learning to Electronic Health Records (EHR) to enhance predictive accuracy
and operational efficiency. Deep learning models are particularly adept at
capturing complex and non-linear relationships present in EHR data, but
they require extensive training datasets to be effective. This study explores
and develops ways to employ transfer learning to effectively mitigate these
data constraints.
The thesis tackles four key research questions aimed at improving health-

care outcomes using EHR data. It begins by enhancing prediction accuracy
for healthcare utilization through an RNN model with multi-headed at-
tention, which significantly outperforms traditional count-based models
and shows robust time generalization. The study then introduces SANS-
former, a custom-built, attention-free sequential model optimized for EHR
specifics. This model excels in predicting healthcare demand, particularly
in diverse patient subgroups, while managing limited data scenarios via
transfer learning. Thirdly, the thesis explores the enhancement of neural
network similarity metrics in assessing functional similarities, particularly
in the context of transfer learning and model performance. It introduces a
covariate adjustment to correct traditional metrics, which are often misled
by input data structures, ensuring they reflect true functional similarities.
Lastly, it explores the integration of expert annotations into the medical
CLIP model, eCLIP, which utilizes radiologist eye-gaze heatmaps to sub-
stantially improve the quality of embeddings and sample efficiency in
multi-modal medical imaging.
The findings from this thesis highlight the significant potential of deep

learning to enhance prediction of healthcare outcomes by addressing the
unique challenges of EHR data. The research adapts sophisticated deep
learning models to meet the complex demands of EHR data and introduces
novel techniques like covariate adjustment for similarity metrics and inte-
grating expert annotations to set a foundation for further advancements in
healthcare analytics.
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1. Introduction

The central challenge in data science has shifted from the problem of
managing too much data to facing a shortage of high-quality data [14,
82, 32]. This issue is particularly pronounced in sectors like healthcare
where precision is crucial. Although the transition from paper-based to
digital health records across the globe has significantly improved data
accessibility, the quality of data remains constrained.
Electronic Health Records (EHR) capture an individual’s medical history

and their complex interactions with the healthcare system over time. These
records are crucial for developing predictive models that can forecast health
outcomes and help improve patient management strategies. This thesis
leverages deep learning [55] to harness the predictive power of EHR data,
addressing the challenge of data scarcity and quality in healthcare.
Neural networks, particularly large-scale models, have demonstrated

exceptional performance across various domains largely due to the avail-
ability of large datasets [16, 26, 83, 54]. However, the unique constraints
of healthcare data – such as its sensitivity, privacy concerns, and the need
for expertly annotated data – complicates the collection of such large-
scale datasets. To navigate these challenges, this thesis applies transfer
learning techniques to achieve high model efficacy even with limited data
availability.
The thesis explores four distinct research questions, aiming to illustrate

how specialized deep learning techniques can enhance the utility of EHR
data.

Forecasting Healthcare Utilization
The thesis first investigates whether the integration of temporal dynam-
ics within EHR through the use of sequential deep learning models can
improve the prediction accuracy in healthcare utilization (Publication I).
We task the model with predicting the future healthcare usage of an in-
dividual using their health history. While Recurrent Neural Networks
(RNNs) and other sequential models excel in handling time-series data by
capturing temporal dependencies within patient visit records, traditional
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non-sequential models remain dominant in the domains of healthcare
utilization and risk adjustment. The study aims to determine whether
leveraging the chronological sequence of medical events in EHRs can yield
more precise forecast of healthcare needs, thus potentially supporting the
planning and management of patient care.

Research Question 1: Can the integration of temporal dynamics of EHR data
using sequential deep learning models improve prediction accuracy?

Transfer Learning with Specialized Models
Next in Publication II, we explore the potential benefit of building models
specifically tailored for EHR data compared to generic natural language
processing (NLP) models. The research hypothesizes that specialized mod-
els, developed to address the distinct structure and unique patterns present
in healthcare data, will outperform conventional NLP models that are not
optimized for such intricacies. The research assesses both predictive accu-
racy and sample efficiency, crucial metrics for the practical deployment of
machine learning models in healthcare settings. By adapting deep learning
architectures to better fit the specific needs and constraints of healthcare
data, this research aims to demonstrate the superiority of customized
models in clinical applications.

Research Question 2: Do models custom-built for EHR outperform generic
NLP models in predictive accuracy and sample efficiency?

Covariate Adjusted Neural Network Similarity
Research Question 3 investigates whether the similarity metrics used to
compare neural network representations can be made more consistent with
their actual functional performance on different domains (Publication III).
Traditional similarity measures like Centered Kernel Alignment (CKA
[52]) and Representational Similarity Analysis (RSA [66, 53]) display su-
perficial similarities dictated by the inherent structure of data rather than
the true functional equivalences across models. The research introduces
and evaluates a novel approach using covariate adjustment techniques to
refine these metrics by adjusting for the input similarities. By accounting
for these confounding influences of input data structure, it provides a more
accurate assessment of functional similarities between neural networks,
particularly in contexts such as transfer learning where understanding
cross-domain capabilities is crucial.

Research Question 3: Can we make the representation similarity between
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neural networks more consistent with their functional similarity by correcting
for the bias caused by the input structure?

Multi-modal Contrastive Learning with Expert Annotations
Final research question in Publication IV, investigates whether integrat-
ing high-quality expert annotations into a medical CLIP model [76] can
enhance its performance. The study evaluates the impact of incorporat-
ing expert-generated annotations, like radiologist eye-gaze heatmaps, on
improving multi-modal learning outcomes in medical CLIP models. By
more precisely aligning visual and textual data, the research aims to
demonstrate how expert annotations can significantly improve the model’s
generalization capabilities across medical imaging tasks, thereby increas-
ing diagnostic accuracy.

Research Question 4: Can high-quality expert annotations improve the base-
line performance of a medical CLIP model?

Outline
Chapter 2 will provide the essential background needed to understand the
data handling and methodologies employed in this thesis. It will cover
fundamental concepts relevant to the analysis of Electronic Health Records
(EHR), the techniques of transfer learning, and the methods used to com-
pare neural network models. Chapters 3 through 6 will each summarize a
publication derived from this research, detailing the methods, key results
and their implications in the field of healthcare data analytics. The final
chapter will offer conclusions based on findings from these individual stud-
ies and propose directions for future research, aiming to further enhance
the applicability and accuracy of machine learning models in healthcare.
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2. Background

This chapter covers the foundational knowledge necessary to understand
the methodologies and applications discussed in this thesis. It begins with
an exploration of Electronic Health Records (EHR) data, detailing its char-
acteristics, how it is represented, and the preprocessing steps necessary
for machine learning models. Following this, the chapter delves into key
concepts in deep learning, particularly in the context of healthcare data,
and motivates the need for developing specialized models to effectively
handle this complex data.

2.1 Electronic Health Records: An Overview

The interaction of an individual with the healthcare system begins at an
early age, including during the neonatal phase, and continues throughout
their life. This ongoing series of interactions forms what is termed as their
health trajectory. Analyzing these trajectories is crucial as it provides in-
sights into future health conditions of a patient and patterns that could be
predictive for other patients with similar health histories. The systematic
collection and analysis of Electronic Health Records (EHR) are vital for
such studies.
EHRs originated from the need to maintain consistent and accurate

medical records. Over the years, as the methods of record-keeping evolved
from paper-based to digital systems, there emerged a need for more efficient
data management and accessibility across different healthcare providers
[23]. EHR systems often operate within centralized databases especially
within hospital groups or across healthcare facilities in many regions
[88, 99]. Some countries have implemented national databases that store
all citizen’s health records, enhancing accessibility and continuity of care
across different healthcare providers [93, 6, 49].
EHRs encompass a variety of data types essential for comprehensive

healthcare management [70, 22]. They include structured data, which
pertains to operational aspects such as administrative details, billing infor-
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Figure 2.1. Timeline of a subset of health registries in Finland. ©Pekka Marttinen
reused with permission.

mation, and patient demographics, all stored in tabular form. Clinical data,
also stored in tabular format, include medical diagnoses, medications, and
procedures performed during each visit. Additionally, EHRs contain time
series data such as vital signs, including heart rate and blood pressure,
which are crucial for ongoing patient monitoring. Moreover, EHRs incor-
porate unstructured data, such as free-text patient notes and radiology
images, providing deeper insights into a patient’s medical condition and
aiding diagnostic processes.

2.1.1 Structured EHR

Structured data within EHRs primarily consist of information organized
in tabular form, such as administrative, billing, and demographic details.
It also includes clinical data such as diagnoses, medications, and proce-
dures associated with each patient interaction with the health center. To
standardize diagnoses and treatments further, EHRs utilize established
medical coding systems such as the International Classification of Diseases
(ICD) [7] and the International Classification of Primary Care (ICPC) [4].
The ICD is developed by the World Health Organization (WHO), and is
a global standard. It provides a comprehensive system to classify and
code all symptoms, disorders, and external causes of diseases. On the
other hand, the ICPC codes patient encounters in primary care including
symptoms, diagnoses, and interventions.

2.1.2 Cohort

For Publications I and II, we utilize a comprehensive dataset obtained
from the Registry of Primary Healthcare Visits of the Finnish Institute
for Health and Welfare (THL). Finland maintains a comprehensive col-
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Table 2.1. Basic statistics of EHR dataset between the years 2012 to 2018 (Publication I
& II)

# of unique patients 1,396,766 Max # of codes per visit 47
# of visits 271,103,617 # of unique ICD-10 codes 12,082
Avg. # of visits per patient 182.733 # of unique ICPC-2 codes 1,360
Avg. # of codes per visit 2.783 # of unique procedure codes 495

lection of registries pertaining to different stages of a person’s lifetime
(Figure 2.1). The study uses the dataset consisting of both outpatient (Avo-
Hilmo) and inpatient (Hilmo) visit information for every Finnish citizen
aged 65 or above, spanning 2012 to 2018. This pseudonymized dataset
encompasses demographic information, diagnosis and procedure codes for
each patient visit, and provides a broad view of healthcare interactions
including telephone consultations, home care visits, and traditional clinic
visits. The data was pseudonymized by authorized personnel at THL to
ensure patient privacy. Furthermore, all data processing and computation
were performed in an encrypted cloud computing infrastructure provided
by CSC – IT Center for Science, Finland’s “ePouta” service, adhering to
strict data security protocols. Table 2.1 shows the key statistics of the
dataset (Publication I & II).

2.1.3 Challenges in EHR data

The usage of EHR in health analytics comes with a few challenges, partic-
ularly in the handling of noisy, incomplete, or corrupted data. EHR data
could exhibit inconsistencies due to variations in data collection practices
across different healthcare providers. Additionally, the data may become
corrupted during real-time collection or storage, leading to misleading
patient history [29]. Addressing these issues often requires advanced data
preprocessing and imputation techniques [89, 74, 41], as well as robust
models capable of handling such imperfections [24, 48, 27].

2.2 Data Representation for Structured EHR

To enable machine learning analysis, the raw tabular data within EHRs
must be transformed into a chronological sequence of healthcare interac-
tions for each patient. This transformation effectively converts it into a
multivariate time series. Each data point in this series is represented as a
tuple (t,Xt), where t is the timestamp of the visit, and Xt includes all ob-
servations made during that visit. During the encoding process, diagnosis
and procedure codes c 2 V are transformed into one-hot-encoded vectors
ĉ 2R|V |. These vectors are then organized based on their occurance within
each visit, ensuring that temporal dynamics within the patient’s health
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Figure 2.2. Transforming EHR into Sequential Format. This figure illustrates the
conversion of tabular EHR data into structured multivariate sequential format
for analysis. To manage varying visit frequencies and reduce data sparsity,
we use a relative time frame, ø, where ø= 0 corresponds to the patient’s first
interaction and subsequent visits are marked by the days elapsed since this
date. ©Yogesh Kumar

trajectory are maintained and can be analyzed effectively.
In Figure 2.2, we illustrate the transformation of tabular data into a mul-

tivariate sequential format suitable for sequential analysis. This process
begins by sorting the records from relevant tables based on time to ensure
each patient’s healthcare interactions are chronologically organized. How-
ever, the frequency of patient visits can vary significantly, with intervals
ranging from several months to years. To address this potential sparsity
caused by these irregular intervals, we adopt a relative time frame, ø,
rather than an absolute one. Here, ø= 0 is assigned to the first recorded
interaction of the patient. Subsequent visits are then timestamped with
the number of days elapsed since this initial interaction. This relative
time frame approach helps to reduce the sparsity while maintaining the
temporal information contained in the health trajectory.

2.2.1 Representation for Non-sequential Models

For analysis with non-sequential models, Publication I employs two count-
based approaches as baseline: Lasso Regression and Gradient Boosted
Decision Trees (GBDT). To prepare the structured EHR data for these
non-sequential models, we utilize TF-IDF (Term Frequency-Inverse Docu-
ment Frequency) encoding. This technique converts categorical data into a
numerical format that is more suitable for model input. Unlike simpler
bag-of-words representations, TF-IDF improves model performance by re-
ducing the weight of terms that appear frequently across different patient
sequences. This is achieved by adjusting the term frequency for each token
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based on its document frequency. It follows the formula:

TF-IDF(t,D) 2 log
N

|d 2D : t 2 d| (2.1)

where D is the dataset of patient sequences, N is the total number of
sequences, and |d 2D : t 2 d| counts sequences containing the token t. This
adjustment allows our non-sequential models to discern patterns without
being biased by the prevalence of certain terms.

2.2.2 Representation for Sequential Models

To analyze sequential medical data effectively, we adapt techniques from
Natural Language Processing (NLP). This involves employing an embed-
ding layer that transforms one-hot-encoded (OHE) vectors into a denser
D-dimensional vector space. Specifically, each OHE vector, representing
discrete medical tokens such as diagnosis and procedure codes, is multi-
plied by an embedding matrix Wemb 2R|V |£D , where V is the vocabulary set
of all unique codes present in the dataset. After this projection, the input
is reshaped to T£W£D, where T represents the total number of visits and
W indicates the number of different medical codes recorded per visit.
Sequential neural network models, such as Recurrent Neural Networks

(RNNs), typically require input dimensions of T £D. Hence, the data
currently structured as T£W £D needs to be aggregated over the intra-
visit axis (W). Common methods for this aggregation include averaging
or summing along the W axis [12]. However, more sophisticated methods
could also be employed to capture intricate relationships within visits,
potentially improving model performance [11, 58].

2.3 Sequential Models for Structured EHRs

Having processed the structured EHR into a format compatible with se-
quential analysis, we turn our focus to various sequential neural network
models that are commonly employed to handle this type of data. His-
torically, the domain has predominantly utilized Recurrent Neural Net-
work (RNN) based models, such as Long Short-Term Memory (LSTM)
networks [60, 11] and Gated Recurrent Units (GRU) [12], which are well-
suited for handling data with temporal dependencies. More recently, there
has been a shift towards incorporating transformer-based models [92],
which offer advantages in processing complex and long-range dependen-
cies [79, 68, 56, 50].
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2.3.1 Long Short-Term Memory (LSTM) Networks

The LSTM (Long Short-Term Memory) network [35] is renowned for its
efficacy in managing long-term dependencies. LSTM incorporates a series
of gates – input (i t), forget ( ft), and output (ot) – alongside cell state up-
dates (Ct) to modulate the flow of information, as detailed in the following
equations:

i t =æ(XtUi+ht°1Wi) (2.2)

ft =æ(XtU f +ht°1Wf ) (2.3)

C̃t = tanh(XtUg+ht°1Wg) (2.4)

Ct = ft§Ct°1+ i t§ C̃t (2.5)

ot =æ(XtUo+ht°1Wo) (2.6)

ht = tanh(Ct)§ ot (2.7)

In the context of EHR data, the hidden states (ht) can be interpreted
as capturing the evolving health trajectory of a patient over time. This
model is particularly adept at processing EHR data due to its ability to
handle sequences with variable lengths and time gaps. Depending on
the application, the LSTM can be configured to produce an output at
each time-step or only a single output at the end of the sequence. For
tasks requiring an understanding of the entire input sequence, such as
patient risk stratification, or treatment outcome prediction, employing a
bidirectional LSTM [84] might be advantageous since it allows the model
to gather context from both past and future states.

2.3.2 Multi-headed Attention

Multi-headed attention (MHA) is a mechanism used in neural networks to
enhance the model’s ability to capture complex relationships within data.
Originally designed for natural language processing, it has been effectively
adapted for various other applications with sequential data including the
analysis of EHRs. The concept involves using self-attention mechanism,
which enables the model to assign attention scores to each input token to
modify their importance while making prediction. MHA can be described
mathematically as:

Attention(Q,K ,V )= softmax(
QKT
p
d

)£V (2.8)

Here, Q,K and V represent the query, key and value matrices, respectively,
and d represents the dimension of the vectors. The input, X , is transformed
into query, key and value by multiplying it with trainable matrices Wq, Wk
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and Wv, respectively. The normalization by
p
d is crucial as it prevents

the softmax function from saturating when the inner products are large in
magnitude.
The Transformer model [92] consists multiple network layers, each con-

taining the MHA mechanism, a feed forward mechanism and Layer Nor-
malization [1] to create a robust framework for processing sequential data.
For a comprehensive overview of the Transformer architecture and its
variants refer to (Rush, 2018) [81] and (Mary and Hutter, 2022) [73].

2.4 Pre-training Neural Networks

Pre-training is an important technique in deep learning aimed at im-
proving the performance, especially when dealing with large models and
relatively small datasets. This method involves initially training a network
on a different, typically larger dataset (DS) before fine-tuning it on the tar-
get dataset (D) and for task (T). During the fine-tuning phase, the model
benefits from being initialized with weights that are not random, which
leads to better convergence and effective learning on smaller datasets [21].
Further, models that undergo pre-training have demonstrated improved
robustness and more reliable uncertainty estimates in predictions [33].
This process is closely related to transfer learning, where the skills learned
during pre-training on one dataset or task are transferred to improve
performance on another dataset or task [28].

Transfer Learning from ImageNet
The strategy of training a model on a large dataset (DS) for a similar
task (TS) is widely utilized in computer vision. A notable example is the
use of ImageNet, a large dataset consisting of over 14 million images
manually categorized into approximately 20,000 labels [16]. Training on
ImageNet enables the models to learn general features beneficial across
several visual recognition tasks. The extent to which the layers of the
pre-trained network are frozen during the fine-tuning process depends on
the similarity of between the target task (T) and source task (TS).

Transfer Learning in Healthcare
In healthcare, models pre-trained on ImageNet have been successfully fine-
tuned for medical imaging tasks, such as detecting diseases in chest X-rays
[47]. Beyond medical imaging, transfer learning has also been applied in
natural language processing (NLP) for electronic health records (EHRs),
enabling tasks such as clinical named entity recognition and medical text
classification [58, 79]. These approaches have demonstrated improved
performance, particularly in data-scarce situations, by leveraging the
general visual or textual features learned during pre-training on large,
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diverse datasets.

Self-supervised learning
Self-supervised learning creates its own labels by using inherent structures
or predictions within the data itself. This is different from unsupervised
learning which involves learning patterns without any explicit labels. By
leveraging the input data to generate labels, it allows learning useful
representations without manually annotated labels [2].
In natural language processing, self-supervised learning forms the back-

bone of pre-training strategies in models such as BERT (Bidirectional
Encoder Representations from Transformers) [17, 62] and GPT (Gener-
ative Pre-trained Transformer) [77, 9]. Similarly, in computer vision,
methods like SimCLR (Simple Framework for Contrastive Learning of
Visual Representations) [10] and Barlow Twins [103] employ contrastive
learning techniques for self-supervision. Building on these concepts, our
research in Publication IV expands into multi-modal domain with the
contrastive pre-training of image and text data using CLIP (Contrastive
Language-Image Pre-training). We will explore CLIP in greater detail in
the following section.

2.4.1 Contrastive Language-Image Pre-training (CLIP)

CLIP extends the principles of contrastive learning to the multi-modal
domain, specifically between images and text [76]. The model consists of
two primary components: an image encoder and a text encoder. It is trained
on a vast dataset of image-text pairs sourced from the internet, such as
images alongside their corresponding captions [100]. The image encoder
transforms visual inputs into feature vectors (or embeddings), while the
text encoder converts the textual descriptions into text feature vectors.
The training objective is to maximize the cosine similarity between vectors
of matching image-text pairs and minimizing the similarity between the
non-matching pairs. In healthcare setting, CLIP’s application involves
analyzing medical scans alongside descriptive reports, such as pairing
chest X-rays with radiology reports prepared by healthcare professionals
[105, 37, 97, 101].
Concretely, we can consider a chest X-ray image Ii and its radiology

report Ti, indexed by i in the dataset. We can represent the image and
text embeddings which reside in a d-dimensional space, as vi and ti, re-
spectively, with vi, ti 2 Rd. The image embeddings vi are obtained via an
encoder f (Ii), and the text embeddings ti through g(Ti). CLIP uses the
InfoNCE loss [72], which is defined as follows:

Limage = E
(vi ,ti)ªpos


° log

exp(sim(vi, ti)/ø)
exp(sim(vi, ti)/ø)+

P
j 6=i exp(sim(vi, t j)/ø)

�
(2.9)
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Ltext = E
(ti ,vi)ªpos


° log

exp(sim(ti,vi)/ø)
exp(sim(ti,vi)/ø)+

P
j 6=i exp(sim(ti,vj)/ø)

�
(2.10)

The total loss is then the average of the losses computed for both image-
to-text (Limage) and text-to-image (Ltext) mappings, expressed as Ltotal =
1
2
�
Ltext+Limage

�
. Here, ø is the temperature parameter to control the

scale of the similarity scores. Its value is typically set to be a learnable
parameter during training. The loss expectation is taken over all the
positive pairings in the dataset.
Theoretically, two key concepts underpin the quality of embeddings pro-

duced by contrastive learning models: alignment and uniformity [95, 94].
Alignment refers to the model’s ability to reduce the distance between
embeddings of positive pairs – such as an image and its corresponding
caption – thereby ensuring that semantically similar data points are close
in the embedding space. This is crucial for the model’s effectiveness in cor-
rectly associating related image-text pairs. On the other hand, uniformity

addresses the distribution of embeddings across the unit hypersphere. By
encouraging a uniform distribution, the model prevents the embeddings
from clustering too tightly, which could limit its ability to generalize to
new, unseen data. Formally, these concepts are captured as follows [71]:

Alignment=°E(vi ,ti)ªpos


kvi° tik22°min

j 6=i
kvi° t jk22

�
(2.11)

Uniformity=° logE(vi ,t j)ªD
⇥
exp(°2kvi° t jk22)

⇤
(2.12)

The contrastive pre-training task not only improves the model’s accuracy
in identifying relevant associations between images and text but also
broadens its capabilities across several downstream tasks, such as zero-
shot classification and retrieval for both images and text. This versatility
of CLIP has opened up new possibilities for these embeddings in various AI
applications including in healthcare domain [106, 19, 104]. In Publication
IV, we explore potential enhancements to CLIP by integrating additional
high-quality labels.

2.5 Measuring Similarities between Neural Networks

Centered Kernel Alignment (CKA [52]) and Representational Similarity
Analysis (RSA [53]) are two key methodologies for evaluating the similarity
of neural network representations. CKA quantifies similarity between
models by measuring the alignment of activation patterns in response to
the same inputs, indicating which layers perform comparable functions
or capture similar features. RSA on the other hand, achieves this by
comparing the dissimilarity matrices, which are constructed from the
patterns of neural activations in response to various inputs, to reveal
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how different networks process these inputs and highlight functional
differences between them [52, 66, 53, 85, 69, 51, 78].
To illustrate, consider X 2Rn£p as the input dataset with n data points

and p features. Representations from two neural networks at given lay-
ers are denoted by Xm1

f1 2 Rn£p1 and Xm2
f2 2 Rn£p2 , for the first and second

network respectively, where p1 and p2 represent the dimensions of the
respective layers. The matrices are centered by subtracting the feature
mean for each element, and normalized by dividing each element by the
Frobenius norm of the matrix to facilitate comparison.
A common method for comparing neural network representations in-

volves assessing the similarity structures of each network. This process
begins by calculating the pairwise similarity among examples in the repre-
sentations from two neural network layers, Xm1

f1 and Xm2
f2 , using a similarity

function k(·, ·):

Km1
f1 = k(Xm1

f1 ,Xm1 f1), Km2
f2 = k(Xm2

f2 ,Xm2
f2 ), (2.13)

where Km1
f1 and Km2

f2 are called the representational similarity matrices
(RSMs). These matrices capture the internal similarity within each layer’s
outputs. To quantify the similarity between these two neural network
layers, a secondary similarity measure, s(·, ·), is applied:

sm1,m2
f1, f2 = s(Km1

f1 ,Km2
f2 ), (2.14)

which evaluates how similarly the networks process their inputs.
CKA uses a kernel function to establish initial similarities, k(·, ·), and

applies the Hilbert-Schmidt Independence Criterion (HSIC) for the second,
s(·, ·). RSA, in contrast, measures inter-example dissimilarities using Eu-
clidean distance and evaluates these distances using Pearson or Spearman
correlations [66, 85]. In Chapter 5 we improve upon these measures by
performing covariate adjustment for the input.
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3. Forecasting Healthcare Utilization

One critical application of Electronic Health Records (EHR) analysis is in
forecasting healthcare utilization, which is pivotal for resource allocation
and planning within healthcare systems [20]. Accurate predictions of
future healthcare costs at an individual level enable a more efficient and
equitable distribution of medical resources. Traditional models often rely
on basic regression techniques that utilize demographic and previous year’s
diagnosis counts [80, 87, 20, 8]. This chapter summarizes Publication I,
where we explore whether the inclusion of temporal information, using
sequential models, would improve the efficacy of these models.

Research Question 1: Can the integration of temporal dynamics of EHR data
using sequential deep learning models improve prediction accuracy?

This question addresses the potential of sequential models, such as Re-
current Neural Networks (RNNs) with multi-headed attention, to enhance
predictive accuracy by capturing the temporal patterns inherent in pa-
tients’ healthcare trajectories. We develop a model that uses the number
of physical visits to a General Practitioner (GP) as a proxy for upcoming
healthcare costs.

3.1 Method

We employ a sequential deep neural network to forecast healthcare utiliza-
tion using patient history. At the core of our model is a stack of RNN layers,
specifically Long Short-Term Memory (LSTM) units, known for their effec-
tiveness in handling long-term dependencies in the input sequence. The
raw EHR input is transformed using the steps described in Section 2.2.2.
Each patient visit i.e., encapsulated as a tuple (t,Xt), where t is the times-
tamp and Xt contains the observations (diagnosis and procedure codes) for
the tth visit.
In the transformed EHR data, each patient visit, represented as a time-
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Figure 3.1. This diagram illustrates a deep sequential model applied to longitudinal indi-
vidual health records. It includes LSTM layers for handling time-sequenced
data, a convolutional embedding block to combine intra-visit codes, and a
Multi-Headed Attention (MHA) layer designed to improve the model’s ability
to focus on significant long-term interactions in the patient data. (Publication
I)

step t, may involve multiple clinical codes. These can vary greatly in
number, with as many as 47 different codes per visit observed in our
dataset (Table 2.1). To efficiently proess these multiple codes, the em-
beddings generated from the embedding layer for each code need to be
aggregated along the intra-visit axis, j. While previous studies have often
simplified this aggregation by summing the embeddings across j [12], our
approach considers a more sophisticated approach. As shown in Figure 3.1,
the convolutional embeddings block employs a sequence of 1£1 convolution
operations specifically designed to modify the size of the input tensor along
the intra-visit axis, while preserving dimensions along other axes. This
block includes three 1£1 convolutions, interspersed with batch normaliza-
tion [38], PReLU activation [30] and a skip-connection [31] between the
first and third layers. The sequence relative time variable, ø (see Section
2.2), for each time step is then concatenated to the embedding matrix.
The model also integrated a multi-headed attention (MHA) layer for

capturing the long-term interactions in the patient health trajectories.
After processing the sequence through LSTM layers, the hidden stares
are subjected to MHA, where the keys, values and queries are all derived
from the LSTM hidden states. The attention outputs are then aggregated
using either average or max pooling. The resulting vector is then passed
through two fully-connected layers to the output layer, which finalizes the
prediction. This combination allows the model to enhance its sensitivity
to significant events in the patient’s history, even if they occurred in the
distant past. Figure 3.1 shows the schematic of the entire sequential model
architecture. The source code is available online.
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Table 3.1. Test R2 score for year 2016. The LSTM model outperforms the non-sequential
models used as baseline. We can also see that the performance improves as we
increase the context length of the input. (Publication I)

Training Year(s) Lasso LightGBM [46] LSTMmh_attn

2015 0.0367 0.2854 0.2974

2014,2015 0.0752 0.3094 0.3259

2013,2014,2015 0.0913 0.3248 0.3436

3.2 Key Results

In this study, we aimed to predict the number of physical visits to health-
care centers in the following year using patient EHR data from previous
years, specifically analyzing the clinical code sequences x1,x2, . . . ,xT and
patient features xnum. We focus solely on physical visits, which include
outpatient services, hospital visits, and receptions at health centers. This
approach allows us to target resource allocation where it is most needed,
since these visits demand more resources compared to other less resource-
intensive interactions, such as phone consultations.

Prediction accuracy improves with longer context
In our analysis, we assessed the performance of a sequential deep learning
model against non-sequential baselines (Lasso and LightGBM [46]). We
focused on the coefficient of determination, R2 scores, to evaluate predictive
accuracy for healthcare utilization. To verify the robustness of the model’s
performance, the experiment was repeated with an additional run using
a different random seed. The results in Table 3.1 demonstrate that the
sequential model consistently outperforms the baseline models across
all training periods. Additionally, the improvement in R2 scores with
increasing data context length indicates that a more extensive historical
context significantly enhances the model’s forecasting capability. This
highlights the advantages of sequential models in capturing temporal
dynamics in patient data.

Sequential model generalizes to future years
In practical applications, there is typically a time lag between the training
phase and the operational use of risk adjustment model. Hence the ma-
chine learning models are expected to generalize to future years without
the need for retraining [20]. To evaluate our model’s robustness in this
aspect, we trained using data from 2014 to 2015 to predict the healthcare
visits in 2016. We then test the model’s prediction for 2017 using data
from 2015-2016 and for 2018 using data from 2016-2017. As illustrated
in Figure 3.2, the sequential models, due to their ability to capture tempo-
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Figure 3.2. Left, Center: R2 score when inferred on future years (all models were trained
with 100K examples to predict 2016, no data from 2017 or 2018 was used in
training); Right: Histogram showing the % relative change in predicted visits
if we switch from Lasso or LightGBM to an LSTM model (Publication I)

ral dependencies, outperform the count-based models in generalization to
future years.
Finally, we assess the practical impact of using our LSTM model for

healthcare resource allocation (Figure 3.2 Right), which is based on pre-
dicted costs for registered individuals. Although overall improvement in
R2 score is about 10%, individual predictions vary significantly, suggesting
substantial effects on resource distribution.

Limitations and Challenges
Our method incurs higher computational costs due to the complexity of
deep neural networks compared to traditional models like Lasso and Light-
GBM. Additionally, neural networks such as RNNs inherently lack in-
terpretability. Therefore, in scenarios where interpretability is crucial,
traditional models may be more suitable [36].

3.3 Revisiting Research Question 1

In addressing Research Question 1, our goal was to determine whether
incorporating the temporal dynamics of EHR data through sequential
deep learning models could enhance prediction accuracy. We found that
our LSTM model, augmented with multi-headed attention, consistently
outperformed traditional non-sequential count-based models such as Lasso
and LightGBM in forecasting healthcare utilization. The results not only
showed improved R2 scores but also demonstrated the model’s ability to
effectively handle data spanning multiple years, indicating strong general-
ization capabilities. Based on these findings, we conclude that integrating
sequential deep learning models into EHR data analysis is advantageous
and warrants further exploration to improve predictive accuracy in health-
care applications.
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4. Improving Sample Efficiency with
Transfer Learning

Deep learning has had a significant impact in the natural language pro-
cessing (NLP) domain, and due to the structural similarities between NLP
and sequential EHR data, these models have consequently been applied
to EHR analysis as well [12, 58, 60, 68]. However, applying deep learning
models to EHR data presents unique challenges.
Unlike the coherent sequences typically found in NLP tasks, healthcare

data often consists of sparse and irregularly timed clinical events, which
adds complexity to its analysis. Moreover, the effective training of these
models frequently requires vast amounts of labeled data, a resource not
always available in healthcare domains. To address this, researchers often
resort to pre-training strategies like Masked Language Modeling (MLM) or
autoregressive techniques to enhance model performance on downstream
tasks [17, 77].
Another significant challenge arises with the need to cater to divergent

patient subgroups. Patients diagnosed with specific diseases often exhibit
health trajectories that are distinct from that of the general population
(Figure 4.1). This necessitates the use of customized predictive models for
each group. However, the data scarcity in these subgroups poses problems,
making the training of robust, large-scale models impractical [87, 20].
This chapter summarizes Publication II, which seeks to explore how

EHR data, consisting of sequence of clinical codes, diverges from the data
in traditional NLP applications, and how these differences require the
development of tailored models and pre-training methods. Our research
question focuses on whether specialized methods can overcome the lim-
itations of conventional “off-the-shelf” approaches borrowed from other
domains like NLP.

Research Question 2: Do models custom-built for EHR outperform generic
NLP models in predictive accuracy and sample efficiency?

The subsequent sections will introduce our model, SANSformers, de-
signed specifically for the challenges of EHR, and discuss the implementa-
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Figure 4.1. Illustrating the Challenge of Predicting for Diverse Subgroups. The
histograms show hospital visit frequencies for two distinct groups: the general
population (Left) and individuals with bipolar disorder (Right). These visu-
alizations reveal significant differences in visit patterns among subgroups,
underscoring the challenges in forecasting healthcare utilization (Publication
II)

tion of Generative Summary Pre-training (GSP) to effectively harness the
potential of self-supervised learning in this domain.

4.1 Method

In recent years, the Transformer architecture with minor modifications has
been adapted for EHR analysis [68, 79, 58, 50]. However, their core self-
attention mechanism may not be optimal due to the sparse and irregular
nature of EHR. Recent developments suggest that simpler, more compu-
tationally efficient structures, such as all-MLP (Multi Layer Perceptron)
models, could replace self-attention in various NLP and computer vision
applications [90, 61, 91, 57, 67]. Inspired by this, we develop SANSform-
ers, a model specifically designed for EHR data that forgoes traditional
self-attention to better suit the requirements of healthcare data analy-
sis. The SANSformer retains key features from traditional Transformer
models—positional encodings, skip-connections [31], and layer normaliza-
tion [1]. The architecture of the SANSformer model comparing the Mixer
mechanism with self-attention is shown in Figure 4.2.

Adapting Axial Decomposition for EHR
As outlined in Section 2.2.2, the processed EHR data is of dimension
T£W£D where T represents the total number of visits andW indicates the
intra-visit dimension. Traditional methods that flatten the input sequence
lead to computational complexities scaling as O (T2W2). To mitigate this,
we implement axial decomposition [34] which involves decomposing the
mixer or attention mechanism into row-wise and column-wise operations.
Specifically, it transforms the original tensor of dimension T£W £D into
T tensors of W £D and W tensors of T£D, thereby reducing complexity to
O (TW2+T2W).
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Figure 4.2. SANSformer Architecture. This figure illustrates a single layer of the
SANSformer model. We present modifications to the conventional Transformer
architecture by Vaswani et al. [92], highlighting changes such as the inclusion
of ¢ø embeddings and the attention-free mixers which replace self-attention.
A comparison on the right showcases the difference between conventional
self-attention and Mixer, demonstrating the efficiency achieved with fewer
projection operations (Publication II)

Attention-less Mixers for EHRs
After the axial decomposition of EHR data, each patient’s data is repre-
sented by two matrices: Xt 2RT£D for temporal tokens across visits, and
Xv 2RT£D for tokens within the same visit. The SANSformers model trans-
forms these matrices using non-linear operations referred to as “mixers”,
which replace the traditional self-attention mechanism used in Trans-
former models. Specifically, these mixers perform transformations simi-
lar to 1£1 convolutions, involving matrix multiplications that facilitate
cross-token interactions. This mixing process is defined by the following
operations (described for Xt):

Z =GELU(XtU) (4.1)

bZ =SGU(Z) (4.2)

Y = bZV (4.3)

where Xt 2 RT£D represents the input matrix with T denoting sequence
length and D the embedding dimension. U 2 RD£2P and V 2 RP£D are
trainable weight matrices, with P as the projection dimension.
The Spatial Gating Unit (SGU) further processed Z, which is split into

two halves Z1 and Z2, and an affine transformation is applied to Z2:
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Z1,Z2 = split(Z) (4.4)

cZ2
T =GELU(ZT

2 W +b) (4.5)

bZ = Z1ØcZ2 (4.6)

Here, W 2RT£T adjusts for causal dependencies by zeroing out all upper-
triangular elements, ensuring the model remains autoregressive. This
structure allows for efficient cross-time interaction of the tokens without
relying on the computationally intense self-attention mechanism, demon-
strating that mixers provide a viable, simpler alternative for managing
the complexities of EHR data.

Encoding Temporal Information for EHR
Similar to Transformers, SANSformers incorporate positional encodings
using sinusoidal functions to uniquely identify the position of the tokens
in the input sequence. However, two visits which have a large time gap
between them are typically unrelated. To address this, the model addition-
ally includes ¢ø embeddings, which capture the number of days between
each consecutive visit.

Generative Summary Pre-training (GSP)
The Generative Summary Pre-training (GSP) is a transfer learning strat-
egy designed to enhance predictive accuracy for specific patient subgroups
by utilizing historical data from the general patient population. Unlike in
common NLP pre-training techniques such as Masked Language Model-
ing (MLM) or Generative Pre-trained Transformer (GPT), which focus on
making token level prediction, GSP targets the forecasting of healthcare
utilization.
This approach involves pre-training the model on a broad dataset that ex-

cludes patients from the subgroups from the fine-tuning phase, effectively
preventing data leakage and ensuring model integrity. By focusing solely
on general population data, GSP predicts the number of patient visits in
the upcoming year by analyzing data from the previous year. This method
not only allows GSP to leverage a diverse range of data but also enhances
the model’s ability to generalize better during the fine-tuning phase on
targeted patient subgroups.
The source code is available online.

4.2 Key Results

The experiments utilized two EHR data sources – the Pummel dataset,
sourced from registries maintained by Finnish Institute for Health and
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Figure 4.3. Data Efficiency through Pretraining on the Pummel Dataset. This
figure assesses the effectiveness of pretrained models across various sizes of
training data from the type 2 diabetes subgroup. Row 1 displays Spearman’s
rank correlation for the Pummel Visits and Pummel Diagnoses tasks, while
Row 2 shows the Mean Absolute Error (MAE) for these tasks. Each data
point includes the mean and standard deviation from three random restarts.
Performance comparisons include the randomly initialized RETAIN (RI) model
for reference (Publication II)

Welfare (THL), and the publicly available MIMIC-IV dataset [43]. For the
Pummel dataset the we focused on predicting two key variables for the
upcoming year based on one-year patient history:

• Task 1 - Pummel Visits: Predicting the number of physical healthcare
center visits (ycount).

• Task 2: Pummel Diagnoses: Estimating the counts of visits for six
major disease categories, significant consumers of healthcare resources
in Finland. These categories include diseases such as cancer, metabolic
disorders, and cardiovascular illnesses (ydist).

For the MIMIC dataset:

• Task 3 - MIMIC Mortality: Predicting inpatient mortality (ydeath),
using the hospital_expire_flag from the MIMIC-IV admissions table as an
indicator (ydeath).

We evaluate our model by benchmarking it against established models
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Figure 4.4. Parameter Scalability on MIMIC. This figure demonstrates the relation-
ship between model performance on Task 3 and the number of trainable
parameters, highlighting the scalability of each model. Notably, the SANS-
former models exhibit consistent performance even with increased parameter
counts (Publication II)

such as RETAIN [11], BEHRT [58], SARD [50], and BRLTM [68] across
both the Pummel and MIMIC datasets. We also highlighted the effective-
ness of our Generative Summary Pre-training (GSP) approach, particularly
in enhancing prediction accuracy for specific patient subgroups within the
Pummel dataset, including those diagnosed with Type 2 Diabetes, Bipolar
Disorder, and Multiple Sclerosis.

SANSformers with GSP improves sample efficiency
To assess sample efficiency, we varied the training dataset size from the
Type 2 Diabetes (T2D) subgroup, focusing on how the model performs with
increasingly smaller datasets – an important measure given that smaller
datasets typically challenge neural network performance [28]. The results
depicted in Figure 4.3 illustrate that the pre-trained axial SANSformer
model exhibits superior data efficiency. The figure also shows the mean
and standard deviation confidence intervals from runs with three differ-
ent random seeds, highlighting the model’s consistency across different
initializations. This model outperforms others in both the Pummel Vis-
its and Pummel Diagnoses tasks, confirming its effectiveness even with
limited data. This capability is crucial for applications in healthcare set-
tings where expansive data may not always be available, for example in
subgroups for rare diseases.

SANSformers shows better scaling trends
To examine how our SANSformers scale with an increasing number of
parameters, we conducted experiments using the MIMIC dataset and
Task 3, focusing on systematically increasing the size of the model by
adding more layers. We selected the best-performing models from each
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base architecture, comparing SANSformers against established models
like RETAIN (RNN-based) and SARD (Transformer-based).
The results, illustrated in Fig. 4.4, show that SANSformers scale better in

terms of parameter efficiency than their traditional Transformer and RNN
counterparts. This suggests that SANSformers not only manage increased
complexity effectively but also exhibit enhanced generalization capabilities,
indicating robustness across varying model sizes and configurations.

Limitations and Challenges
The SANSformer models possesses certain limitations. Firstly, SANSform-
ers are constrained by sequence length due to the dimensions of the weight
matrix, which limits their effectiveness in processing very long sequences.
Additionally, while the model leverages inpatient encounters to predict
healthcare utilization, it relies on proxies and does not directly compute
healthcare costs, which may require further adaptations for cost estimation
applications [80]. Finally, the exclusion of the self-attention mechanism
reduces the model’s interpretability, a feature often provided by attention
maps [40, 98]. Future work could explore integrating model-agnostic in-
terpretability techniques, such as SHAP [63], to better understand the
decision-making process of SANSformers in healthcare contexts.

4.3 Revisiting Research Question 2

In tackling Research Question 2, we explored whether a model tailored
specifically for EHR domain could outperform generic techniques adapted
from other fields. Our findings show that the SANSformer models, designed
with unique adaptations for the complexities of EHR data demonstrate
superior performance with respect to data efficiency and parameter scal-
ability. These results support the hypothesis that domain-specific model
adaptations are crucial for managing the intricacies of EHR data, leading
to more effective and reliable analytical outcomes compared to generalized
models from other domains.
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5. Covariate Adjusted Representation
Similarity for Transfer Learning

Despite the robust performance of neural networks across various do-
mains, they are often called “black boxes” since their internal workings
and decision-making processes are hard to understand. Similarity metrics
such as Centered Kernel Alignment (CKA [52]) and Representational Simi-
larity Analysis (RSA [53]) have been developed to address this issue. These
metrics help compare activations between network layers, revealing which
layers have the greatest influence on the model behavior (See Section 2.5
for details).
However, these conventional similarity metrics might provide misleading

results when applied to models trained on different data domains. For
example, CKA could indicate high similarity between two models even
if their predictive performance differs significantly. This can make it
challenging to understand how models share or differ in representations
across domains, which is crucial in transfer learning scenarios with limited
data availability. Publication III aims to modify the similarity metrics to
counter this discrepancy.

Research Question 3: Can we make the representation similarity between
neural networks more consistent with their functional similarity by correcting
for the bias caused by the input structure?

Figure 5.1 (Left) demonstrates this discrepancy when applying the CKA
similarity measure to the first layer activations of a ResNet-18 model using
20 random samples from the CIFAR-10 test set. This involves comparing
pairs of ResNets, where one has undergone random noise addition to the
pretrained weights on ImageNet. We identify pairs of examples with both
high and low similarity in their input space. Remarkably, the CKA val-
ues from this perturbed ResNet still mirror the input domain similarities.
This supports our hypothesis that traditional similarity metrics are heavily
influenced by the input data structure. To address this, we suggest a covari-
ate adjustment method to refine these metrics and eliminate misleading
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deconfounding

CKA=0.99 dCKA=0.43

CKA and dCKA between two random ResNets (NN1, NN2)

deconfounding

CKA and dCKA between pretrained (PT) and fine-tuned (FT) ResNets

CKA=0.95 dCKA=0.72

:: ::

high input similarity pair low input similarity pair high input similarity pair low input similarity pair

Figure 5.1. Demonstration of the Confounder in CKA. CKA measures the similarity
between representations based on the inter-example similarities, which are
influenced by similarities in the input space. This results in pairs with high
(F) and low (F) input similarities also showing similar levels of representation
similarities in both randomly initialized neural networks (Left) and trained
neural networks (Right). This confounding effect leads to the counterintuitive
finding that CKA values are higher in random neural networks than in
pretrained and finetuned networks on similar domains (Publication III)

effects caused by spurious resemblances in the data.

5.1 Method

We propose a method, called dCKA, to improve similarity metrics by re-
moving confounders linked to input data structures. This method employs
covariate adjustment regression to eliminate the impact of input sim-
ilarity from the representation similarities. By “regressing out” these
confounders, we ensure that our similarity measurements truly reflect the
characteristics of the model, not artifacts caused by the structure of the
input data.
Using the same notations from Section 2.5, the core of our method in-

volves adjusting the representation similarity matrices Km1
f1 and Km2

f2 for
m1th and m2th layers of the networks f1 and f2, respectively. This ad-
justment removes the influence of the input similarity matrix K0. The
adjusted or deconfounded similarity matrices are given by:

dKm1
f1 =Km1

f1 ° Æ̂m1
f1 K0, dKm2

f2 =Km2
f2 ° Æ̂m2

f2 K0, (5.1)

where Æ̂m1
f1 and Æ̂m2

f2 are the regression coefficients that minimize the Frobe-
nius norm of dKm1

f1 and dKm2
f2 respectively. These coefficients arise from

a linear regression model, which assumes that the influence of the input
similarity on the representation similarity as linear and additive:

vec(Km
f )=Æm

f vec(K
0)+≤mf , (5.2)

where vec(·) flattens a matrix to a vector. Noise ≤mf is assumed to be
independent of the confounder. The regression coefficients are determined
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Figure 5.2. dCKA Adjusts for Transfer Learning under Domain Shift. Left side
displays the actual domain similarity (between English and other languages)
as measured by the binary cross entropy (BCE) loss in a cross-domain classifier.
We illustrate the differences in similarity metrics with CKA (Center) and dCKA
(Right) comparisons between the pretrained XLM-RoBERTa model and models
finetuned on the STS-B task for various languages. The average similarities
for each language across layers are listed in the legend. Notably, dCKA shows
a stronger correlation with domain similarity than CKA (Publication III)

using:

Æ̂m
f = (vec(K0)Tvec(K0))°1vec(K0)Tvec(Km

f ). (5.3)

After the deconfounded similarity structures are obtained with Eq.5.1,
we use the same similarity measure to calculate the deconfounded repre-
sentation similarity:

dsm1,m2
f1, f2 = s(dKm1

f1 ,dKm2
f2 ). (5.4)

This deconfounding method improves reliability of neural network sim-
ilarity metrics by ensuring they accurately reflect the true functional
similarities between models, rather than being skewed by the structural
traits of the input data. This technique is particularly valuable in trans-
fer learning, where it’s crucial to identify functional similarities between
models trained on different domains.
The source code is available online.

5.2 Key Results

In Figure 5.1, the study demonstrates the application of deconfounded Cen-
tered Kernel Alignment (dCKA) on two pairs of ResNet-18 models – one
altered by random Gaussian noise and another that is a pretrained model
finetuned on CIFAR-10. Initial CKA analysis revealed surprisingly high
similarity scores (0.99) between the networks altered randomly, pointing
to significant confounding from input similarities. After applying covariate
adjustment with dCKA, the similarity score for these models significantly
decreased to 0.43. This experiment highlights the importance of decon-
founding in ensuring similarity metrics accurately reflect true functional
similarities, rather than being influenced by the structure of the input
data.
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dCKA better aligns with domain similarities
We study how the similarities computed using conventional CKA compares
with dCKA during transfer learning under domain shift. We examine
models that start from a pretrained (PT) base and are finetuned (FT) on
data from different domains. We expect that the similarity among the FT
models will reflect the natural similarities between their respective input
domains.
To study this in detail, we utilize the Multi-lingual STS-B dataset [65],

focusing on English, Spanish, Polish, and Russian as the target domains.
We start with a pretrained (PT) XLM-RoBERTa model [13] and calculate
layer-wise CKA and dCKA between each finetuned (FT) model and the PT
model using the test set from the respective target domain [69]. To deter-
mine the similarity between two domains, we construct a cross-domain
classifier with an equal number of samples from each domain [75]. Finally,
we assess the correlation between the domain similarities (defined by the
BCE loss from the cross-domain classifier) and the CKA and dCKA scores
between the PT and FT models for each domain, using Spearman’s Ω and
Kendall’s ø correlation [18].
We observe that dCKA correlates more closely with domain similarity

than CKA. Figure 5.2 (Left) displays the results from the test BCE loss
when a cross-domain classifier was trained to distinguish between domains
on the STS-B dataset. The comparisons of layer-wise CKA and dCKA
between the pretrained and finetuned XLM-RoBERTa models are depicted
in Figure 5.2 (Center and Right), respectively. Models finetuned on highly
dissimilar domains, such as English and Russian, tend to show lower
layer-wise similarities with the pretrained model.

Limitations and Challenges
Despite the advancements presented, our approach faces a few limitations.
For example, we assumed that the confounder is linearly separable from
the representation similarity, but it remains possible that this separability
is not fully additive, particularly in deeper layers. This may explain why
deconfounding similarities appear more beneficial for shallow layers. One
potential solution is to regress out the similarity structure in the previous
layer rather than the input layer. However, this approach discards infor-
mation from earlier layers, ultimately reducing the ability to represent
similarities in functional behaviors. Addressing these issues and devel-
oping more functionally consistent similarity measures remains an open
question for future research.

42



Covariate Adjusted Representation Similarity for Transfer Learning

5.3 Revisiting Research Question 3

Research Question 3 addressed the challenge of more accurately aligning
the representation similarity of neural networks with their functional
similarity. Our research demonstrates that traditional metrics like CKA
and RSA are influenced by the structural traits of input data, potentially
skewing their assessments of model similarity. By implementing covariate
adjustments, we have improved these metrics, particularly deconfounded
CKA, which now exhibits a stronger correlation with true functional sim-
ilarities. This adjustment effectively differentiates models finetuned on
varied domains and aligns more accurately with actual domain similarities.
Overall, our approach enhances the effectiveness of similarity metrics in as-
sessing the success of transfer learning and contributes to the development
of more interpretable and accurate machine learning models.
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6. Contrastive Language-Image Training
with Expert Annotations

Electronic Health Records (EHR) inherently feature multi-modal data
like free-text medical notes from health professionals, imaging scans, and
structured entries like lab results, drug prescriptions and diagnoses. By
leveraging these diverse data types, machine learning models can provide a
more comprehensive understanding of a patient’s health dynamics. Recent
advances in deep learning have introduced models capable of handling
such multi-modality effectively. A notable example is CLIP (Contrastive
Language-Image Pretraining), which excels at integrating textual and
visual data. CLIP’s primary mechanism involves mapping embeddings
from different modalities into a shared space, thereby facilitating direct
comparisons and improving interoperability.
However, recent studies have revealed a persistent challenge known

as the “modality gap” [59]. This occurs when embeddings from different
modalities form distinct clusters within the shared space, leading to a
phenomenon known as cone effect. This effect can lead to mismatches
and interference among non-paired embeddings. This issue is especially
pronounced in the EHR domain, where the variability of data complexity
and quality pose additional problems for multi-modal models [71].

Research Question 4: Can high-quality expert annotations improve the base-
line performance of a medical CLIP model?

To tackle this, Publication IV explores the benefit of integrating high-
quality expert annotations – specifically radiologists’ eye-gaze heatmaps
[5, 45] – into the CLIP training process. These heatmaps reveal the
focal points of radiologists during X-ray evaluations, providing detailed
annotations. We hypothesize that these granular insights can enhance the
model’s performance within a contrastive learning framework.
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Figure 6.1. eCLIP Pretraining with Expert Annotations. eCLIP introduces a
Heatmap Processor (right), equipped with a multi-headed attention layer,
to the usual Image and Text encoders used in CLIP. The original image (Ii), its
corresponding text (Ti), and the heatmap-processed image (IEi ) are presented
within a tripartite area. We utilize a mixup technique between Ii and IEi
to create the embedding v∏i , facilitating additional positive pairs to improve
the optimization of the CLIP InfoNCE loss. Additionally, an auxiliary loss,
Lpriming, is employed during initial training steps to ‘prime’ the heatmap
processor to output the original image when the heatmap consists entirely of
ones (Publication IV)

6.1 Method

Contrastive learning models like CLIP often face challenges with high
intra-modal similarity, where similar types of images, such as two chest
X-rays showing different pathologies, might appear closely related. This
closeness can inflate the perceived similarity among negative pairs in the
InfoNCE loss function (Eq. 2.9), leading to a decrease in the model’s ability
to differentiate between them effectively. This issue is commonly addressed
by introducing hard negative pairs, such as by mixing embeddings from
different modalities [71], which improves discrimination but may reduce
the semantic clarity of the embeddings. Alternatively, our approach uses
expert-annotated heatmaps overlaid on images to generate additional
positive and negative pairs (see Figure: 6.2). These heatmap-enhanced
embeddings (IE) form a new, distinct cluster in the shared embedding
space, as illustrated in Figure: 6.1 (Left).
This section outlines the components of the expert-annotated CLIP model

(eCLIP), which includes a heatmap processor for generating IE embeddings,
mixup augmentation to balance the disparity between the scarce expert
annotations and the larger training dataset, and a curriculum learning
strategy [3] to smoothly introduce expert annotations without disrupting
the initial training dynamics.
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Figure 6.2. Comparing eCLIP with m2
-mixup[71]. (left) Standard CLIP showing

image-text positive pairs (vi , ti) (solid line), while the other image embeddings
serve as negative pairs (dashed line). (center) the m2-mixup creates negative
pairs (v∏j , ti) via interpolation between embeddings along the geodesic. (right)
eCLIP adds expert image embedding, vEi , in addition to vi for text ti, forming
additional positive and negative pairs (Publication IV)

6.1.1 Heatmap Processor

The heatmap processor transforms the images and their corresponding
heatmaps into sequences of 16£16 patches. It applies multi-headed at-
tention, treating the patched images overlaid with heatmaps as queries
and the original image patches as keys and values (Figure: 6.1, Right).
This processing step integrates expert insights directly into the image
embeddings, which is subsequently used to generate positive samples for
contrastive pretraining of CLIP.
To ensure robust performance in the absence of expert annotations, a

priming mechanism is introduced. This involved training the heatmap
processor to output the original image when the expert annotations are
not available, via a mean-squared error loss, Lpriming. This ensures that
the model remains effective even when the expert data is unavailable.

6.1.2 Mixup Augmentation

Given the limited availability of high-quality expert annotations – approxi-
mately 1,000 annotations within a dataset of around 200,000 image-text
pairs – eCLIP employs mixup augmentation to effectively utilize these valu-
able yet scarce resources. Mixup augmentation involves blending images
annotated by experts with those that are not. The proportion of blending is
determined by a variable ∏ªBeta(Æ= 0.3,Ø= 0.3). This technique not only
increases the diversity of the training samples but also bolsters the model’s
ability to generalize from a limited set of expert data. By interpolating
between images, the model learns to smooth out the decision boundaries,
which can reduce overfitting and improve the robustness of the predictions.
In practice, this means that eCLIP is better equipped to handle real-world
variations in medical images, leveraging expert insights effectively even
when such annotations are sparse.
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6.1.3 Curriculum Learning Strategy

To ensure smooth integration of expert annotations without disrupting
the foundational training, we implement a phased curriculum learning
strategy that allows for gradual adaptation to the complexity of the an-
notated data. The strategy begins with a Cold Start Phase, where the
model initially trains solely on non-annotated data to establish a robust
baseline, accounting for approximately 10% of total training iterations.
This is followed by the Warmup Phase, during which the inclusion of
expert-annotated examples gradually increases from a probability of 0.05
to 0.5 over the next 30% of training iterations, enabling the model to pro-
gressively adjust to the new data. Finally, the Cooldown Phase reduces
the probability of using expert annotations to 0.1 for the remaining 40%
of the training, fine-tuning the model’s response to expert-driven insights
and balancing it with the foundational training.
This structured approach optimizes the model’s performance, ensuring a

stable integration of expert knowledge while maintaining generalizability.
The source code is available online.

6.2 Key Results

Our experiments were structured to assess the impact of expert heatmap
annotations on the quality of the learned embeddings in the eCLIP model.
These experiments utilized a significant number of image-text pairs, a
small fraction of which were annotated with eye-gaze heatmaps, to train
the model. Importantly, no annotations were used for the test samples,
ensuring that the model’s generalization capabilities were rigorously eval-
uated.

Adding expert annotations improves sample efficiency
We study the model’s sample efficiency by limiting the amount of training
data that is available for training. Our findings indicate that eCLIP with
expert annotations enhances the sample efficiency, outperforming the
baseline CLIP model across multiple datasets. Specifically, in zero-shot
classification performance tests – which adjusted the number of training
batches available for pretraining – eCLIP demonstrated superior efficiency
on MIMIC 5x200 [42, 44], CheXpert 5x200 [39] and CXR 24x100 [96]
datasets (Figure 6.3, Top).
Further analysis using a linear probe three class-imbalanced datasets

– CXR-8, RSNA and OpenI-5, revealed that eCLIP also shows stronger
performance in multi-label classification tasks. For example, it excelled
in the CXR-8 [96] and OpenI-5 [15] datasets and remained competitive in
binary classification for RSNA [86] as seen in Figure 6.3, Bottom.
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Figure 6.3. Sample Efficiency. (Top row) Compares zero-shot performance for CLIP and
eCLIP Swin Tiny models on three multi-label classification test sets, trained
over varying number of training batches. Bottom row Shows linear probe
scores achieved with varying amounts of training data (Publication IV)

Limitations and Challenges
This study is constrained by the limited size of expert-annotated data,
which prevents a comprehensive analysis of the impact of annotation size
or distribution across different abnormalities. Additionally, eCLIP incurs
higher computational costs during training due to the additional forward
pass required in the warmup and cool-down phases. Furthermore, the
clinical relevance of the generated radiology reports has not been validated
by medical professionals, relying instead on standard metrics that may
introduce biases and fail to fully capture clinical accuracy [102].

6.3 Revisiting Research Question 4

Research Question 4 inquired, "Can high-quality expert annotations im-
prove the baseline performance of a medical CLIP model?" The integration
of expert eye-gaze heatmaps into the eCLIP model significantly enhanced
sample efficiency and improved the model’s generalization across multiple
datasets. These findings confirm the benefits of leveraging high-quality,
albeit limited, expert data to enhance model performance. Specifically,
by effectively transferring knowledge between expert-annotated and non-
annotated data, eCLIP demonstrates the ability to learn from limited data
inputs. This capability to improve learning efficiency and model accuracy
through expert annotations promises to enhance diagnostic accuracy and
patient outcomes, paving the way for more personalized and accurate
healthcare solutions.
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7. Conclusion

Through a systematic exploration of four distinct research questions, this
thesis demonstrates the benefits of adapting advanced machine learning
techniques to Electronic Health Records (EHR), significantly enhancing
both prediction accuracy and operational efficiency.
Firstly, the study confirms that integrating temporal dynamics through

sequential models like RNNs improves healthcare utilization forecasts.
This highlights the critical role of accounting for the temporal aspect of
patient histories in predicting future healthcare needs more effectively.
Secondly, the development of specialized models tailored to EHR data

proved superior to generic NLP models, reinforcing the value of custom
solutions in healthcare analytics. These specialized models leverage the
unique structure and patterns of EHR data, thus providing more accurate
and efficient predictions.
Thirdly, by adjusting for confounders in traditional similarity metrics

like CKA and RSA, the research has shown that it is possible to obtain a
more accurate reflection of functional similarities between neural networks.
This enhancement is particularly crucial for applications such as transfer
learning, where understanding the functional capabilities of models across
domains is key.
Finally, the exploration of multi-modal contrastive learning with expert

annotations within a medical CLIP model illustrated that high-quality,
expert-driven annotations could significantly refine model performance.
This approach improves the model’s ability to correlate and interpret
complex visual and textual medical data, leading to better diagnostic tools.
While our research demonstrates the efficacy of deep learning in address-

ing a few complex problems in healthcare, it still confronts significant
challenges, particularly around interpretability. Our efforts to enhance
interpretability through comparative methods like CKA and dCKA pro-
vide some insight, yet understanding the underlying reasoning of model’s
decisions remains elusive. This is particularly critical in healthcare, where
both accuracy and clarity in decision-making processes are equally im-
portant. Although attention mechanisms used in sequential models are
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believed to enhance transparency by highlighting influential parts of the
input, recent research suggests that the attention weights do not often
correlate with the actual contributions of input features [40]. Moving
forward, Bayesian neural networks [64, 25] present a promising avenue for
improving model transparency by quantifying prediction uncertainty. This
approach could allow for human intervention when model confidence is
low, thereby enhancing reliability in critical applications. However, these
models do not scale well to larger datasets or more complex model archi-
tectures. Developing techniques that bridge the gap between Bayesian
methods and large-scale applications could be a highly promising research
direction.
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