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Abstract

The availability of large collections of digitized healthcare data along with the in-
creasing power of computation has allowed machine learning (ML) for healthcare to
become one of the key applied research domains in ML. ML for health has great po-
tential in providing clinical decision-making support that can improve quality of care
and reduce healthcare spending by easing clinical operations. However, the success-
ful development of ML models in healthcare is contingent on data that is complex,
noisy, heterogeneous, limited in labels and highly sensitive. In this thesis, we leverage
the unique structure present in medical data along with the availability of external
knowledge to guide model predictions. Additionally, we develop differentially private
(DP) training techniques using gradient structure to mitigate privacy leakage.

In this thesis, we develop methods on different medical modalities such as multi-
variate physiological signals of ICU patients, patient discharge summaries, biomedical
scientific articles, radiology reports, chest radiography imaging and spoken utterances.
We tackle tasks such as forecasting patient states, relationship extraction, disease pre-
diction, medical report generation and differentially private model training. We begin
the thesis by offering open source data processing and modeling frameworks, move
towards improved interpretability of model predictions to develop clinician trust and
finally investigate differentially private ML techniques to protect user data.

First, we show that the use of aggregated feature representations based on clin-
ical knowledge offers model robustness against evolving hospital systems. Second,
we leverage external knowledge in the form of clinical concept extraction to signifi-
cantly improve relationship extraction. Third, we leverage the rich information from
reports associated with chest radiographs to develop highly accurate disease severity
prediction models using contrastive learning. Fourth, we showcase that the report
generation task offers competitive disease prediction capabilities, label efficiency and
improved interpretability. Finally, we introduce novel methods for improved privacy-
utility-compute tradeoffs for DP pre-training of large speech models. We highlight
DP as an important component of model safety, necessitating its development in con-
junction with AI safety approaches that will be pertinent in healthcare and beyond.

Thesis Supervisor: Peter Szolovits
Title: Professor of Electrical Engineering and Computer Science
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Chapter 1

Introduction

The wide adoption of technologies such as electronic health record (EHR) systems
and medical imaging techniques by healthcare organizations have led to the availabil-
ity of large collections of digitized healthcare data [39, 287]. This, combined with
the increasing power of computation has made machine learning (ML) for healthcare
one of the key applied research domains in ML [287, 112, 211]. Applying modern
ML methods to observational health data holds the potential to improve healthcare
in many ways for offering clinical decision support, such as recommending better pa-
tient treatments, improving hospital operations and answering fundamental scientific
questions [88].

ML for health has several useful applications in diagnosing diseases [74, 100, 49],
forecasting patient states [201], building treatment plans [236, 151] and reducing
healthcare spending by easing clinical operations [324, 208, 116]. There are also
varied models applied to different types of healthcare data, such as lab measurements
[232, 212], claims data [232, 67], clinical text narratives [26, 306], medical images
[100, 74, 16, 179] and waveform signals [159].

1.1 Challenges and Opportunities with medical data

Despite the vast potential utility of ML for health, working with healthcare data
offers a unique set of challenges. This is largely due to its high dimensionality rel-
ative to the dataset size, presence of very noisy labels, disparate and sporadically
recorded modalities and suffering from a high rate of missingness [87, 43, 304]. Data
heterogeneity is also a common feature, with highly varied sources such as vital signs,
genomics, audio, demographics, laboratory tests, clinical narratives and imaging from
modalities such as chest X-ray or MRI [88, 287]. Limited data availability is another
feature, as a result of the expense of data collection and lack of consistent expert an-
notation from medical professionals [279, 282]. This may result in related issues such
as class imbalance [141, 158, 185], commonly observed in fields such as dermatology
and cancer detection [183, 60]. Another well-known class imbalance scenario exists
with rare disease classification where the vast majority of patients might not have
the disease under consideration [335]. Finally, the sensitive nature of healthcare data
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necessitates re-thinking techniques for data sharing and model development, while
respecting privacy of patients [77, 182].

1.1.1 Common techniques for modeling medical data

Pre-processing is often utilized for cleaning up messy data, whereas techniques like
representation learning are used for modeling data without explicit feature engineer-
ing. Hence, pre-processing and representation learning go hand in hand in the clinical
ML space. Additionally, techniques that address the privacy leakage from ML models
are becoming increasingly relevant in healthcare and beyond as the requirement for
accessing larger datasets increases with increasing model sizes.

Pre-processing

This is the act of cleaning up data in a manner that removes noise and leaves it in a
form suitable for feeding to an ML model [146, 93]. Several different pre-processing
measures are taken for clinical data, such as data cleansing, feature tuning, feature
transformation, feature extraction and feature selection. Data cleansing is the act
of removing or correcting records with corrupted or invalid values. Feature tuning
involves operations such as scaling numerical values, imputing missing values and
clipping outliers. Feature transformation involves operations such as conversion of
numerical features to categorical features and conversion of categorical features to
a numerical representations like one-hot encoding. Feature extraction involves re-
duction of high dimensional features to low-dimensions using techniques like PCA.
Feature selection involves choosing a subset of input features that are most relevant
and statistically significant for good performance of a model.

Additionally, specific modalities require different pre-processing techniques for ef-
fective machine learning model development. For example, text data involves tech-
niques like stemming and lemmatization (for general domain data) and named entity
recognition based replacement (for clinical data) [40]. Image processing involves tech-
niques such as clipping, resizing, cropping and filtering. EHR datasets involve careful
patient cohort selection for consistent vital ranges, outlier removal, duplicate removal
and feature aggregation [299, 24].

Representation Learning

This involves a set of techniques to learn useful features without the labor intensive
work of manual feature selection known as feature engineering [20]. These techniques
involve traditional unsupervised learning methods such as principal component analy-
sis and matrix factorization, as well as newer approaches with large-scale pre-training
involving self-attention and transformer models [146, 230, 64, 142]. Other interest-
ing and relevant approaches in representation learning involve multiple modalities
as data sources [280, 307, 41]. Representation learning has been particularly useful
in the healthcare space for modeling high dimensional noisy data such as by Suresh
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et al. [280] to model demographics, time-varying variables like vital signs and labs,
and clinical narrative notes.

Representation learning encompasses several newer deep learning techniques, in-
cluding those involving convolutional neural networks (CNN), long short-term mem-
ory networks (LSTM) as well as the transformer architecture [154, 155, 81, 220, 113,
293]. What distinguished these networks from those reliant on feature engineering
was that they relied on weaker inductive biases on the type of learning function (e.g.,
linear versus non-linear) but stronger inductive biases on the relationships between
components of the network, inspired by the domain of interest. Battaglia et al. [15]
describe inductive biases of a learning algorithm as being relational vs non-relational.

Non-relational inductive biases are assumptions involving components of a model
such as L2 regularization, which prioritizes solutions where model parameters have
small values to minimize overfitting. Examples of other non-relational inductive biases
are activation non-linearities, dropout and data augmentation that impose constraints
on the trajectory and outcome of learning. Relational inductive biases impose con-
straints on relationships and interactions among entities in a learning process. For
example, the design choice of stacking multiple layers in deep learning can be seen as
imposing the relational bias of hierarchical processing, where computations are per-
formed in stages to result in increasingly long range interactions among information
in the input signal.

Relational inductive biases imposed on the building blocks themselves distinguish
major deep learning architectures of today. For example, convolutional layers force
locality relationships between grid elements such as pixels and the reuse of the same
rule across localities in the input (known as local and translational invariance). These
biases effectively help in processing natural image data due to high covariance within
local neighborhoods, and statistics being mostly stationary across an image. Another
example is recurrent layers, where there is a markov dependence between one step’s
hidden state on the previous hidden state and the current input. This rule is reused
every step, reflecting temporal invariance.

Transformer architectures introduced by Vaswani et al. [293] have the weakest rela-
tional biases, by introducing the self-attention mechanism to allow automatic learning
of relationships between the building blocks (or hidden units) of the model. They are
universal architectures, showing promise in several domains such as language, vision
and genomics data [64, 68, 51, 97]. They have quickly become the gold-standard
in deep learning, including forming the basis for the popular ChatGPT framework
[219]. In the healthcare space, transformer models have formed the basis for Med-
PaLM and MedPaLM M models that solve various multi-modal tasks such as medical
question answering, radiology report generation, image interpretation and genomic
variant calling [271, 289].

Data Privacy

ML models are becoming increasingly prone to training data leakage as seen in
[270, 32, 33, 35]. These works have demonstrated several attacks such as membership
inference and reconstruction attacks over popular models. The consequences of train-
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ing data memorization in these models can be especially catastrophic in healthcare
settings, such as causing increased discrimination and bias against patients [25].

One of the most robust and popular techniques for mitigating privacy leakage
is differential privacy (DP) [70]. By adding a calibrated amount of noise to intro-
duce randomness to a mechanism over a dataset (such as a query or an ML model),
this technique ensures that an attacker cannot make conclusions about whether any
particular data was used to produce the result, even while having access to the mecha-
nism and arbitrary external side information. DP effectively protects against popular
attacks such as reconstruction and membership inference attacks. Most recently,
researchers have been actively exploring methods to ensure DP during the model
training stage, through techniques such as Differentially Private Stochastic Gradient
Descent (DP-SGD) [1] and Private Aggregation of Teacher Ensembles (PATE) [223].

1.1.2 Challenges and Trade-offs

Compared to classical approaches that relied on feature engineering, deep neural
networks offer low bias and high variance due to their large model capacity [17].
This might make them the perfect network from a performance perspective, but
the high model capacity also makes them very data hungry. The latest transformer
architectures rely on a new paradigm introduced by Devlin et al. [64] of pre-training
the model on a large amount of unlabeled external data and fine-tuning on labeled
in-domain data for downstream classification. This makes transformer models even
more data hungry than prior deep learning approaches. The original BERT model,
of size 110 or 340 million parameters for BERT-base and BERT-large respectively,
relied on a pre-trained corpus of approximately 3500 million words. While many
of the latest models don’t reveal the source of their pre-training data anymore, it
is estimated that they are trained on even larger amount of data than BERT. For
example, the latest Whisper model from OpenAI has been trained on approximately
680,000 hours of audio [248] and the GPT-3 model from OpenAI has been trained on
approximately 500 billion tokens [27].

In the context of healthcare, strict compliance laws and limited data availability
can hinder the development of high capacity neural network models. While variants
like Med-PaLM and Med-PaLM M [271, 289] have pushed the healthcare space for-
ward, there are still several tasks that remain outside the scope of high capacity model
development. Healthcare data is also noisy enough that the performance gap between
classical and neural network approaches is minimized [26]. Therefore, depending on
the size of the dataset and labels, along with its noisiness, machine learning practi-
tioners have to make careful decisions not to introduce an unnecessarily high capacity
model when a simpler one like logistic regression might be sufficient. Boag et al. [26]
advise against adopting a one-size-fits-all approach in modeling healthcare data, and
Battaglia et al. [15] recommend a key path forward for modern AI being approaches
that integrate classical and modern end-to-end deep learning.
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1.2 Goals and Contribution

In this thesis, we develop approaches that leverage the unique structure of medical
data along with available external knowledge; which offer robustness, label-efficiency,
interpretability, high performance on downstream tasks and data privacy. We believe
the best way forward for ML in health is to marry popular end-to-end approaches
with those leveraging explicit structure and feature engineering to counteract the
trade-offs between high performance and needing large amounts of clean data for
training. An increasingly important aspect of ML model development in healthcare
and beyond is addressing data privacy compliance issues. We develop representation
learning methods to tackle four main challenges:

1. Medical data consists of heterogeneous features, necessitating smarter fea-
ture grouping. We demonstrate these challenges on electronic health record
(EHR) lab and vitals data, by sharing open source pre-processing techniques
over a public EHR dataset and developing an effective and robust machine
learning (ML) model for this dataset using smart grouping of features based on
clinical knowledge. This work is described in the papers [299, 212].

2. Medical data is noisy, making smart feature selection necessary. We specifi-
cally target medical text, requiring pre-processing techniques based on external
knowledge such as tokenization, punctuation and digit removal and named en-
tity recognition (NER) based token replacement. By providing an open-source
reproducible pre-processing, modeling and training pipeline, we explore and
report sources of performance variability to facilitate fair comparison between
different modeling approaches developed for the downstream task of relation ex-
traction. The framework and analysis is done in [40], with some of the modeling
groundwork laid out in [131].

3. Medical data is expensive to label, making medical machine learning a natural
application area for semi- and self- supervised approaches. We apply approaches
leveraging paired radiology report data to capture ground truth radiologist nar-
rative in conjunction with medical vision models for improved performance and
interpretability. We first introduce a foundational approach using contrastive
learning to create implicit structure from paired and unpaired chest x ray im-
ages and radiology reports [41]. We continue building on this direction by devel-
oping approaches using radiology report generation as a pre-training task, for
improved robustness towards learning from even fewer labels [242, 243, 244]. We
make comparisons between contrastive learning and radiology report generation
pre-training tasks, and introduce new methods for improved interpretability and
interaction between the radiologist and the machine learning model.

4. Medical data is highly sensitive, with strict compliance and data privacy reg-
ulations as detailed in the Health Insurance Portability and Accountability Act
of 1996 (HIPAA) [56]. Through a collaborative project with Google researchers,
we develop differentially private pre-training approaches in the general domain
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[42]. We improve upon existing methods by providing privacy guarantees over
the pre-training data and by tackling the challenging area of pre-training a
model from scratch using differential privacy for the general domain. These
approaches have direct applicability to the healthcare space, whose specific in-
vestigation we leave to future work.

In this thesis, we highlight how leveraging the structure of healthcare data with
end-to-end deep learning approaches includes just the right amount of inductive biases
towards improved performance, interpretability, robustness and label-efficiency. We
also highlight data privacy as an important aspect of AI safety, and discuss how it
will be an integral part of the ML model development process of the future. The work
done in this thesis reflects important dataset, modeling and privacy considerations
for practical development of machine learning for healthcare models.

1.3 Publications
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• [299] Shirly Wang, Matthew BA McDermott, Geeticka Chauhan, Marzyeh Ghas-
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ACM CHIL, pages 222–235, 2020

• [212] Bret Nestor, Matthew McDermott, Geeticka Chauhan, Tristan Naumann,
Michael C Hughes, Anna Goldenberg, and Marzyeh Ghassemi. Rethinking clin-
ical prediction: why machine learning must consider year of care and feature
aggregation. arXiv preprint arXiv:1811.12583, 2018

• [40] Geeticka Chauhan, Matthew B.A. McDermott, and Peter Szolovits. REflex:
Flexible framework for relation extraction in multiple domains. In Proceedings
of the 18th BioNLP Workshop and Shared Task, pages 30–47, Florence, Italy,
August 2019. Association for Computational Linguistics

• [131] Di Jin, Franck Dernoncourt, Elena Sergeeva, Matthew McDermott, and
Geeticka Chauhan. MIT-MEDG at SemEval-2018 task 7: Semantic relation
classification via convolution neural network. In Proceedings of the 12th In-
ternational Workshop on Semantic Evaluation, pages 798–804, New Orleans,
Louisiana, June 2018. Association for Computational Linguistics

• [41] Geeticka Chauhan, Ruizhi Liao, William Wells, Jacob Andreas, Xin Wang,
Seth Berkowitz, Steven Horng, Peter Szolovits, and Polina Golland. Joint mod-
eling of chest radiographs and radiology reports for pulmonary edema assess-
ment. In In MICCAI International Conference, pages 529–539. Springer, 2020

• [242] Keegan Quigley, Miriam Cha, Ruizhi Liao, Geeticka Chauhan, Steven
Horng, Seth Berkowitz, and Polina Golland. Radtex: Learning efficient radio-
graph representations from text reports. In MICCAI Workshop on Resource-
Efficient Medical Image Analysis, pages 22–31. Springer, 2022
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• [243] Keegan Quigley, Miriam Cha, Josh Barua, Geeticka Chauhan, Seth Berkowitz,
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Horng, Seth Berkowitz, and Polina Golland. Improving medical visual represen-
tations through radiology report generation. In anonymous review at conference,
2024
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In anonymous review at conference, 2024

Throughout my academic career, I have also explored other works that are not di-
rectly related to this thesis, including:
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of Social Impact. In Findings of the Association for Computational Linguistics:
ACL-IJCNLP 2021, pages 3099–3113, 2021

• [128] Labiba Jahan, Geeticka Chauhan, and Mark A Finlayson. A new approach
to animacy detection. In Proceedings of the 27th International COLING, 2018

• [36] Triana Carmenate, Peeraya Inyim, Nupoor Pachekar, Geeticka Chauhan,
Leonardo Bobadilla, Mostafa Batouli, and Ali Mostafavi. Modeling occupant-
building-appliance interaction for energy waste analysis. Procedia Engineering,
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ceedings of the AAAI Conference on Artificial Intelligence and Interactive Dig-
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Source Software Workshop at EMNLP 2020 [225] and EMNLP 2023 [283], along with
the Women in Machine Learning Workshop at NeurIPS 2021.
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Part I

Modeling heterogeneous and noisy
medical data
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Chapter 2

Developing feature robustness among
heterogeneous EHR data

Abstract

In this thesis, we develop machine learning methods that leverage the unique struc-
ture of medical data along with available external knowledge. This chapter primarily
highlights two works [212, 299] that discuss important considerations and contribu-
tions toward the deployability effort in machine learning (ML) for health models. The
work [212] formed the foundational basis for the extended work [213].

Two key pre-requisites for deployability of ML for health models are 1) model
generalizabilty: a model’s ability to sustain performance over time as care practices,
database systems and population demographics evolve and 2) reproducibility: devel-
oping pre-processing and modeling strategies that are easy to understand and open-
source. In ML for healthcare, we often rely on de-identified datasets with randomly
shifted calendar dates and experimental practices that are time agnostic. As a result,
care records are often assigned to train or test sets without regard for the actual dates
of care, which hurts the generalizability of developed models. Additionally, despite
the wide availability of MIMIC-III [136], Electronic Health Record (EHR) data offers
a steep learning curve for beginner researchers in the machine learning for healthcare
space. This is counter-productive to the goals of data availability and realizing the
potential of ML for healthcare, as the barrier to entry leads to duplicated efforts and
slower modeling advances due to worse reproducibility [137, 197].

The contributions of the two works are as follows: 1) we create novel clinically
aggregated features for the open source electronic health record (EHR) dataset called
MIMIC-III [136] and perform detailed ablations to show robustness in area under
the curve (AUC) performance across changing hospital systems over time, and 2) we
make our feature aggregation, along with our pre-processing of the MIMIC-III data
into an open-source framework that others in the community can openly use.

29



2.1 Introduction

The shift towards electronic health records (EHR) in modern healthcare systems has
enabled the secondary use of these records for machine learning model development
for mortality risk [103], sepsis treatment [250] and many other promising applications
[202, 173, 251]. Most recently, there has been a push towards deployment of machine
learning in healthcare.

With the Food and Drug Administration (FDA) being increasingly interested in
regulating AI for health [79], it is even more important to deploy ML in a safe and
generalizable manner. Some examples of ML in health already in deployment are
drug discovery methods [276] being used by several pharmacological companies such
as Pfizer and BioNtech [194, 226, 206]. However, the deployability of machine learning
has several concerns. In the case of drug discovery, this issue is commonly related to
lack of relevant data for training [206]. In this chapter, we target two issues hindering
the deployability of ML in health models for EHR data: 1) model generalizability
over time, and 2) reproducibility of data pre-processing and modeling techniques.

2.1.1 Challenge 1: Model Generalizability

Due to the sensitive nature of patient information, EHR data is typically de-identified
in order to reduce risk to patients prior to its use in research. A well-known example
of publicly-available, de-identified EHR data is the MIMIC-III database [136], which
contains information about intensive care unit (ICU) patients from the Beth Israel
Deaconess Medical Center (BIDMC).

A crucial step in de-identification is obscuring calendar dates related to care. In the
MIMIC-III dataset, dates are shifted into the future between the years “2100 and 2200”
by a consistent random offset for each patient [136]. As a result of the de-identification
procedure, modeling in a temporally consistent manner becomes challenging (e.g.
training on historical data and evaluating on future data) and several related works
[103, 237, 50] use time-agnostic evaluation protocols. These time-agnostic protocols
do not account for a significant source of error that would affect models during true
deployment: evolution of care practices and the resultant concept drift.

The concept drift [341] caused by shifts in the calendar date are important to
account for due to their ability to induce significant differences in clinical data [251,
153]. These are reflected in MIMIC-III through an EHR system update from Carevue1

to Metavision2 in the Beth Israel Deaconess Medical Center in 2008 [136]. This shift
caused fundamental changes in the way every clinical measurement was recorded in
the EHR (yielding entirely new database tables with new variable names). A recent
update of MIMIC-IV [140] provides the additional anchor_year_group column to
allow analyses which incorporate changes in medical practice over time. Future work
can corroborate the results from our study with this newly created dataset.

1https://mimic.physionet.org/mimicdata/carevue/
2https://mimic.physionet.org/mimicdata/metavision/
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Core challenge Developing time-agnostic models on de-identified EHR data can
therefore hurt model generalizability because the data used to train the model would
be significantly different from that used to test it in deployment, as a result of concept
drift. Even without hospital system changes, random date shifts as part of MIMIC
might cause models to unintentionally train with data generated from newer care
practice than they are tested on, which could result in unexpected model outputs
from the machine learning model.

2.1.2 Challenge 2: Reproducibility

To realize the potential of applying machine learning to observational health data,
several efforts had been made to make healthcare data widely available to creden-
tialed researchers with human subjects training. An effort in this direction is the
publicly available healthcare dataset, the Medical Information Mart for Intensive
Care (MIMIC-III) [136].

Despite the wide availability of MIMIC-III, Electronic Health Record (EHR) data
offers a steep learning curve for beginner researchers in the machine learning for
healthcare space. This is counter-productive to the goals of data availability and
realizing the potential of machine learning for healthcare, as the barrier of entry would
lead to duplicated efforts and slower modeling advances due to worse reproducibility.

The extent and dangers of lack of reproducibility are highlighted in [137, 197].
Johnson et al. [137] highlight the lack of reproducibility about the patient cohorts
along with lack of consistent reporting of model design and methodology as core
issues affecting reproducibility in machine learning for critical care. McDermott et al.
[197] find a lack of technical, statistical and conceptual replicability through a broader
study across the machine learning for healthcare community.

Core challenge It is clear that the primary difficulties of working with EHR data
rest in the complexity of the data and the myriad choices that must be made to
extract a clinically-relevant cohort for analysis. These same difficulties hinder the
reproducibility of studies that apply machine learning to MIMIC-III data, because
researchers develop code independently to extract and preprocess task-appropriate
cohorts. The majority of papers do not share code used to extract study-specific data
[137], resulting in expensive yet redundant efforts to build upon existing work and
creating the potential for hard-to-explain differences in results.

2.1.3 Our Contributions

Model generalizability Towards the model generalizability challenge, we intro-
duce a clinically aggregated feature representation to improve model robustness across
changing hospital systems. We find that the choice of input representation substan-
tially impacts how robust a model is to changing care practices. Specifically, we make
the following contributions:

31



1. We show that models using raw, non-featurized data representations are unable
to generalize well across large dataset shifts as exemplified by the 2008 EHR
system update within MIMIC.

2. We introduce novel clinically aggregated representations by analyzing related
data items across varying EHR tables such as lab results and bedside mea-
surements that reduce overall data missingness and the presence of duplicate
measurements. Our effort condensed close to 13000 measurements into 100
groups.

3. Compared to raw feature representations, our clinically aggregated representa-
tions nearly eliminate all performance deterioration across temporal shifts by
reducing deterioration by close to 5-fold for in-ICU mortality prediction (0.29
versus 0.06 AUROC) and close to 3-fold for long length-of-stay (0.1 versus 0.03
AUROC).

Reproducibility Towards the reproducibility challenge, we introduce MIMIC-Extract,
an open source pipeline to streamline data pre-processing of MIMIC-IIIv1.4, includ-
ing unit conversion, outlier handling and feature selection. We intend this pipeline to
serve as a foundation for both benchmarking the state-of-the-art and enabling progress
on new research tasks. We advance the field with three primary contributions:

1. Robust representations of labs and vitals time series with standardized units,
outlier correction and clinical meaningfulness

2. Clinically meaningful interventions and outcomes such as providing hourly-
observed treatment signals for blood pressure management and outcomes such
as mortality and length of stay

3. Our pipeline with a focus on usability, reproducibility and extensibility. For
example, our patient selection criteria can be easily adjusted, requiring changes
to only keyword arguments rather than source code and thus preventing the
user from making potentially confusing pre-processing choices.

2.2 Related Works

2.2.1 Feature Robustness across time-varying changes in EHR

The standard de-identification process for electronic health record (EHR) datasets like
MIMIC-III [136] make it challenging to analyze the data in a temporally consistent
way. As a result, the wide literature on MIMIC-III [103, 237, 50] use time-agnostic
evaluation protocols that do not account for evolution of care practices and the resul-
tant concept drift [341, 251, 153]. The closest methods have considered automated
mapping of clinical data elements with mapping tools [92] or learned vector space
embeddings [251]. However, it is unknown whether these methods can withstand
fine-grained time-varying changes in EHR. To the best of our knowledge, researchers
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have not yet assessed how robust state-of-the-art models trained on MIMIC-III are
to temporal drift. In this work, we use a Limited Data Use Agreement allowing re-
stricted access to the underlying calendar year of each event within MIMIC-III to
perform such an assessment. We examine how a popular model architecture gener-
alizes to unseen future-only data through our proposed clinically aggregated feature
representation and different time-aware training regimes. We also demonstrate how
models using raw, non-featurized data representations, as advocated by deep learning
ICU prediction systems such as [237], are universally unable to generalise well across
large dataset shifts as exemplified by the 2008 system switch within MIMIC-III.

2.2.2 Public EHR pre-processing frameworks

We intend MIMIC-Extract to serve as a foundation for both benchmarking the state-
of-the-art and enabling progress on new research tasks. Several other recent works
have developed, in parallel, extraction pipelines and prediction benchmark tasks for
MIMIC-III data [103, 237, 284]. However, compared to these, we advance the field by
introducing robust representations of labs and vitals time series, clinically meaningful
interventions and outcomes and a focus on usability, reproducibility and extensibility.
Our pipeline has been used as the foundation for reproducing many recent machine
learning studies of MIMIC-III data [84, 85, 309, 86, 196, 213, 250, 280, 212].

2.3 Efficacy of clinically aggregated representations
towards model generalizability

We focus on two binary prediction tasks, mortality and long length-of-stay, which
are commonly studied for applying machine learning to the MIMIC-III critical care
setting. In Figure 2-1, we describe the full prediction pipeline of our method.

2.3.1 Data and processing

We use MIMIC III, a public dataset with EHR data from over 58,900 hospital admis-
sions of nearly 38,600 adults at Beth Israel Deaconess Medical Center from 2001 to
2012 [136]. Within the MIMIC-III dataset, each patient may be admitted on multiple
occasions to the hospital, and may be transferred to and from the intensive care unit
(ICU) multiple times. We choose to focus on a patient’s first exposure to the ICU (by
far the most common case), avoiding the complications of those that transfer multiple
times. We thus extract a targeted cohort of patient EHR data corresponding to the
first ICU visit. We include only ICU stays that lasted at least 36 hours. We also
focus on non-paediatric cases by requiring all patients to be over 15 years old. These
criteria, which broadly follow prior work [86, 280, 196], result in a cohort of 21,877
unique ICU stays.

We use the first 24 hours of data for each patient, and collect physiological mea-
surements into hourly buckets via averaging. Several works have focused on imputa-
tion methods for healthcare data [43, 288, 317, 130, 5, 177]. We use simple imputation
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Figure 2-1: The full experimental pipeline. We provide code for reproduction of
experiments with the assumption that researchers have obtained the limited-use years
data mapping for patient identifiers. Figure inspired by [213].

to assign three sub-features to the data: the imputed (forward-filled) measurement
of the feature, a binary indicator of whether or not that feature was observed at that
time, and the number of hours since the feature was last observed [43].

2.3.2 Methods

Data Representations For each patient, we investigate the impact of two common
data representation strategies on tasks.

1. Raw ItemID: The Raw ItemID representation is the simplest; we include all
selected 181 labs and vitals, each identified via a unique ItemID code in the
MIMIC database. Due to the ItemIDs being explicitly connected to the under-
lying EHR software, the MIMIC-III shift in 2008 from Carevue to Metavision
caused several old features to not be used anymore. Additionally, some vitals
such as ”Mean Arterial Blood Pressure” (ItemID 6702) spontaneously increased
their frequency of recording in 2004 (Figure from Appendix A i.e. A-1). This
resulted in highly sparse representations full of missing values before imputa-
tion.

2. Clinical Aggregations: We use expert knowledge to manually define group-
ings of ItemIDs that span the discrepancies between Carevue and Metavision,
such as by grouping ItemID values “Heart Rate” under CareVue (211) and
MetaVision (220045). The groupings also gather together ItemIDs which mea-
sure the same biophysical quantity merely through different means, such as
aggregating MetaVision ItemIDs 225664 (“Glucose finger stick”), 220621 (“Glu-
cose (serum)”), and 226537 (“Glucose (whole blood)”) into one unified category
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for glucose blood sugar. The resulting representation groups all 13000 raw
ItemIDs into close to 100 clinically meaningful categories, and yields a dataset
with a rate of 78.25% missingness before imputation compared with the raw
ItemID representations that have a > 90.6% rate of missingness. The detailed
aggregation table is shown in Appendix A section A.1.

Model We use a random forest (RF) classifier for all tasks with simple imputation
to handle missing data, similar to the implementation in [43]. RF classifiers are
non-linear, defined using bagged decision trees and are often competitive baseline
methods. RF implementation in SciKit Learn’s RandomForestClassifier class is
used. Before feeding the 24-hour time-series data to the model, they are flattened
along the time dimension as seen in Figure 2-1.

Evaluation Tasks We test on two common baseline clinical machine learning tasks:
mortality prediction and long length-of-stay (LOS) predicted that have been com-
monly used as prediction targets in past works [103, 237]. The In-ICU mortality
task is defined by patient death within the ICU. The long LOS task is realized as
a classification task by splitting patients between high LOS (≥ 3 days) and low LOS
(< 3 days), where 3 days happens to be the median LOS for our patient cohort.

Experiments In addition to measuring the year-agnostic performance of our model
(i.e. the way models are typically run, with no knowledge of the admission year), we
report results on three training paradigms that are reflective of mechanisms that can
be applied on historical data before deploying a clinical model. The four different
paradigms are:

1. Year-agnostic Training and testing on randomly shuffled data, with no knowl-
edge of the year of care.

2. 2001-2002 Training on data from 2001–2002 only, and then testing on all future
years, reflecting the situation where a practitioner trains a model on historical
data but doesn’t update the training set containing more recent data.

3. Prior Year Training on the data from the prior year only, e.g., data from 2005
will be used to train a model that is tested on data from 2006. This reflects
the situation where a model is deployed and updated with yearly frequency by
training on only the prior year’s data.

4. Full history Training on all prior data, e.g., data from 2001–2005 will be used
to train a model that is tested on data from 2006. This reflects the situation
where a model is deployed and updated yearly by training on all data ever
observed.
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2.3.3 Results

We present the average AUROC per representation across all years for both In-ICU
mortality prediction and long LOS tasks in Figure 2-2. This performance deterioration
across years of training for 2001-2002, Prior Year and Full History training regimes
are reflective of mechanisms that can be applied on historical data before deploying
a clinical model. Additionally, we report 2 set of results: 1) Year-agnostic training
regime in table 2.1, 2) Full history training regime in table 2.2, to compare the
robustness of our proposed clinically aggregated representations across historically
typical training regimes versus the true year-averaged Full history training regime.

Year-agnostic Results We report the year-agnostic AUROC scores for both in-
ICU mortality and long LOS tasks across 5 x 2 fold cross validation splits [65] in
table 2.1. This is a representation of typical machine learning model performance
when trained on electronic health records.

Task Average AUROC for Random Splits
Raw ItemID Clinical

in-ICU mortality 0.82± 0.02 0.86± 0.02
long LOS 0.70± 0.00 0.71± 0.01

Table 2.1: The in-ICU and long LOS model performance when trained in a year-
agnostic fashion. The AUROC (mean ± std) is reported and results are consistent
with those reported in [213]

Full History Results We compute the AUROC over each unseen year from 2003
onward for reporting the average and standard deviation using the Full History train-
ing regime. Between each of these results, we also report the maximum drop of AU-
ROC observed between the first year of evaluation and subsequent years’ performance
from 2003 onward. We report results in table 2.2. This table shows that the clinical
representation tends to improve the overall performance and decreases the magnitude
of performance deterioration during non-stationary healthcare practice.

Performance deterioration across years of training In figure 2-2 we report
the AUROC across the 2001-2002, prior year and full history training paradigms over
time. Overall, we note that the Clinical Aggregate representation is much more robust
to the performance degradation over time observed under the Item-ID representation.
This resembles the findings in [92], though our clinically determined groupings appear
to offer a lower drop in performance across the shift in practice than their learned
representations.
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Task Average AUROC Max AUROC Drop
Raw ItemID Clinical Raw ItemID Clinical

In-ICU Mortality 0.76± 0.13 0.85 ± 0.02 0.29 0.06
long LOS 0.67± 0.04 0.68 ± 0.03 0.10 0.03

Table 2.2: A comparison of the a) average (± standard deviation) AUROC over each
unseen year from 2003 onward, and b) max loss observed between the first year of
evaluation and subsequent years’ performance from 2003 onward for the Full history
training regime. Bold indicates best performance. Bigger is better for averages, while
smaller is better for maximum loss and standard deviation. Results consistent with
those reported in [213].

(a) Mortality AUC, 2001-
2002 training regime.

(b) Mortality AUC, Prior
Year training regime.

(c) Mortality AUC, Full
History training regime.

(d) LOS AUC, 2001-2002
training regime.

(e) LOS AUC, Prior Year
training regime.

(f) LOS AUC, Full History
training regime.

Figure 2-2: Performance of RF classifier using Raw ItemID and Clinically
Aggregated representations on In-ICU mortality (top) and long LOS prediction (bot-
tom). Error bars indicate ± standard error.

2.3.4 Discussion

In this study, we find consistent evidence of the benefits of our proposed Clinical
Aggregate representations where we manually group related ItemIDs based on clinical
knowledge. There are several interesting observations:

1. Clinical Aggregate Representations are more robust than raw ItemID repre-
sentations: Models trained on the raw ItemID representation suffer a rapid
performance decrease in 2008, after the EHR change, as observed in figure 2-2.
The clinically aggregated representation maintains much more consistent per-
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formance across years for the RF classifier, and the continuing work in [213]
shows that this finding holds for multiple model architectures.

2. Year-agnostic training overstates performance, especially for raw ItemID rep-
resentation: We replicate the year-agnostic training and test practice common
to most reporting in machine learning papers, and found that this method cre-
ates an unrealistic upper bound to model performance, especially on the raw
representation. For example, RF models report a year-agnostic mortality AU-
ROC of 0.82 ± 0.02 (5 x 2 fold CV splits [65]) in table 2.1, as compared to
their true year-averaged AUROC under the raw representation of 0.76± 0.13 in
table 2.2. Under the Clinical Aggregate representation, in contrast, RF reports
a year-agnostic mortality AUROC of 0.86 ± 0.02, in comparison to the true
year-averaged AUROC of 0.85± 0.02.

3. Models Saturate Quickly on Mortality Prediction, Impacting Generalisation:
By profiling the changes in model performance over time, we find evidence to
suggest that both of the tasks considered (each of which are commonly studied)
require relatively few years of aggregated data to saturate in prediction quality.
Looking in figure 2-2 under the Full History training regime and the Clinical
Aggregates representation, model performance is very steady from the beginning
of the training period where only one year of data is used. This issue has been
further studied in detail for the in-ICU mortality prediction task in [212].

2.4 An overview of MIMIC-Extract towards reproducibil-
ity in ML for health

In this section, we summarize MIMIC-Extract, an open source pipeline to extract,
preprocess, and represent data from MIMIC- III v1.4, including static demographic
information available at admission, vitals and laboratory measurements, intervention
signals, and static outcomes such as length-of-stay or mortality. Figure 2-3 gives a
visual summary of the data we extract from the observed records of an individual
patient stay available in MIMIC-III. Our principled approach yields a comprehensive
cohort of time-series data that is well-suited for several clinically-meaningful predic-
tion tasks, several of which we profile here, while simultaneously providing flexibility
in cohort selection and variable selection.

We intend this pipeline to serve as a foundation for both benchmarking the state-
of-the-art and enabling progress on new research tasks. Our pipeline has been used as
the foundation for reproducing many recent machine learning studies of MIMIC-III
data [84, 85, 309, 86, 196, 213, 250, 280, 212].

2.4.1 Data Pipeline Overview

Figure 2-4 summarizes the data extraction and processing steps involved in MIMIC-
Extract. From the MIMIC relational database, SQL query results are processed to
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Figure 2-3: Example data produced by MIMIC-Extract to summarize a single sub-
ject’s stay in the intensive care unit(ICU). Time evolves on the x-axis, and all ex-
tracted time series are discretized into hourly buckets. Mechanical Ventilation is an
example intervention with multi-hour continuous duration. Colloid bolus is an ex-
ample of an intermittent fluids intervention. All interventions are recorded as binary
indicators at each hour. Heart Rate is an example of a frequent vital sign. Glucose
is an example of an infrequent lab measurement.

generate four output tables. These tables maintain the time series nature of clinical
data and also provide an aggregated featurization of the cohort selected.

1. Cohort Selection: Our proposed pipeline includes all patient ICU stays in
the MIMIC-III database that meet the following criteria: the subject is an
adult (age of at least 15 at time of admission), the stay is the first known ICU
admission for the subject, and the total duration of the stay is at least 12 hours
and less than 10 days. This cohort selection is consistent with many previous
papers using MIMIC-III [84, 85, 309, 86, 196, 213, 250, 280, 212].

2. Variable Selection: By default, our extraction code extracts various static
demographic variables such as age, ethnicity etc., along with static outcomes
such as in-ICU mortality, in-hospital mortality, and the patient’s total ICU
length-of-stay (LOS), in hours. Our pipeline presents values for static variables
as they originally appear in MIMIC-III raw data with no additional outlier
removal. For time-varying vitals and labs, our extraction code extracts 104
clinically aggregated time-series variables (listed in Appendix A section A.1)
related to vital signs (e.g., heart rate) and laboratory test results (e.g., white
blood cell counts).

3. Unit Conversion and Outlier Detection: Our data pipeline standardizes
measurements into consistent units, including weight into kilograms, height into
centimeters, and temperature into degrees Celsius. This process is easily exten-
sible if any additional unit-classes are added by downstream users. To handle
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Figure 2-4: MIMIC-Extract Overview: First, a cohort is created that meets our
selection criteria. Static demographic variables and ICU stay information for patients
in the cohort are extracted and stored in patients. Next, labs and vitals for patients in
the cohort are extracted and stored in vital_labs and vitals_labs_mean. By default,
only labs and vitals that are missing less frequently than a predefined threshold are
extracted and outlier values are filtered based on physiological valid ranges. Finally,
hourly intervention time series for the same patients are extracted and stored in
interventions.

outliers, we make use of a list of clinically reasonable variable ranges provided
in the source code repository of [103]. We mark raw observed values as missing
if they fall outside these ranges. Additionally, each variable is associated with
more refined upper and lower thresholds for defining the physiologically valid
range of measurements. Any non-outlier value that falls outside the physiolog-
ically valid range is replaced with the nearest valid value.

4. Hourly Aggregation: To obtain a denser representation for each laboratory
measurement and recorded vital sign, that is easier to reason about and read-
ily applied to modern machine learning methods for time-series that expect
discretized time representations, we aggregate the observations from each ICU
stay’s time-series into hourly buckets.

5. Semantic Grouping of Raw Features into Clinical Aggregates: We
make our clinical aggregations described in section 2.3.2 available as part of the
MIMIC-Extract pipeline.

6. Time-varying treatment labels: Our code extracts hourly binary indicators
of when (if ever) common treatments were provided to each patient over time.
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We include device treatments such as mechanical ventilation, as well as drug
treatments such as vasopressors and fluid boluses.

7. Extensibility of data pipeline: While MIMIC-Extract promotes reproducibil-
ity by providing a default cohort for common benchmark tasks, it is also able
to extract data tailored to specific research questions. We offer several mod-
ifications to our framework such as keywords to change cohort selection, con-
figurable variable grouping and outlier resource files, embedded SQL queries
in the extraction code and extending the pipeline to extract variables such as
prescriptions or caregiver notes.

8. Output cohort characterization: Our pipeline produces a cohort of 34,472
patients by default with diverse demographic and admission coverage, as sum-
marized in table 2.3.

Gender Total
F M

Ethnicity Asian 370 472 842 (2%)
Hispanic 448 689 1,137 (3%)
Black 1,448 1,219 2,667 (8%)
Other 2,061 3,122 5,183 (15%)
White 10,651 13,992 24,643 (71%)

Age <30 748 1,084 1,832 (5%)
31-50 2,212 3,277 5,489 (16%)
51-70 4,888 8,054 12,942 (38%)
>70 7,130 7,079 14,209 (41%)

Insurance Type Self Pay 125 352 477 (1%)
Government 402 648 1,050 (3%)
Medicaid 1,186 1,596 2,782 (8%)
Private 4,415 7,431 11,846 (34%)
Medicare 8,850 9,467 18,317 (53%)

Admission Type Urgent 409 528 937 (3%)
Elective 2,282 3,423 5,705 (17%)
Emergency 12,287 15,543 27,830 (81%)

First Careunit TSICU 1,777 2,725 4,502 (13%)
CCU 2,185 3,008 5,193 (15%)
SICU 2,678 2,842 5,520 (16%)
CSRU 2,326 4,724 7,050 (20%)
MICU 6,012 6,195 12,207 (35%)

Total 14,978 (43%) 19,494 (57%) 34,472 (100%)

Table 2.3: Default Cohort Summary by Static Demographic and Admission Variables
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2.4.2 Benchmark Tasks and Models

Tasks We support the following benchmark tasks:

1. Mortality prediction and length-of-stay (LOS): Risk prediction tasks like
mortality and long LOS predictions are highlighted as benchmark tasks in sec-
tion 2.3.2. We consider several varieties of these tasks, including in-ICU mor-
tality, in-hospital mortality, LOS > 3 days prediction, and LOS > 7 days pre-
diction. For all tasks, we use clinically grouped time-varying labs and vitals
features alone to predict these targets as binary classification task.

2. Clinical Intervention Prediction: We target two interventions, mechanical
intervention and vasopressors, which are common among prior work target-
ing clinical intervention prediction [309, 86, 280]. Well-executed intervention
prediction can alert caregivers about administrating effective treatments while
avoiding unnecessary harms and costs [309, 86]. In a high-paced ICU, such
decision-support systems could be a fail-safe against catastrophic errors. We ex-
tract clinically aggregated outputs (as described in Section 2.3.2) over a sliding
window of size 6 hours as input features, then predict intervention onset/offset
within a 4 hour prediction window offset from the input window by a 6 hour gap
window. For each intervention at each prediction window, there are 4 possible
outcomes:

Onset: When the intervention begins off and is turned on.

Stay On: When the intervention begins on and stays on.

Wean: When the intervention begins on and is stopped.

Stay Off : When the intervention begins off and stays off.

Data Preprocessing Time-varying lab and vital data are preprocessed by adjust-
ing their values to be mean centered and scaled to unit variance. Then, missing data
was imputed using a variant of the “Simple Imputation” scheme outlined in [43]. For
the clinical intervention prediction task, we additionally include 5 static variables
(gender, age bucket, ethnicity, ICU type, and admission type) and time-of-day as
additional features.

Models For mortality and LOS tasks, we profiled logistic regression (LR), random
forest (RF), and gated recurrent unit with delay (GRU-D) [43] models. For clinical
intervention prediction tasks, we profile LR, RF, convolutional neural network (CNN)
models, and Long Short-Term Memory (LSTM) models.

Results For mortality and LOS tasks, we report results in table 2.4. Our AUROCs
are very much in line with the literature for these tasks, fully allowing reproducibility
of models for practitioners interested in extending our work. One interesting observa-
tion is that random forest models often have poor F1 scores, even while maintaining
competitive AUPRC scores. This may indicate that these models are more sensitive

42



to the initial choice of threshold than are other models. Similarly, GRU-D often
displays stronger performance under the AUPRC metric than the AUROC metric
relative to other models, which likely speaks in its favor here given the strong rates
of class imbalance in these tasks.

For clinical intervention prediction tasks, we report results in table 2.5. We find
that CNN and LSTM models perform very similarly to prior studies. This is notable
given we do not include notes, whereas many prior studies do [280]. RF models
perform surprisingly well, outperforming CNN and LSTM models and prior results
reported in the literature.

Task Model AUROC AUPRC Accuracy F1

In-ICU Mortality
LR 88.7 46.4 93.4% 38.4
RF 89.7 49.8 93.3% 12.6
GRU-D 89.1 50.9 94.0% 43.1

In-Hospital Mortality
LR 85.6 49.1 91.1% 42.1
RF 86.7 53.1 90.7% 19.6
GRU-D 87.6 53.2 91.7% 44.8

LOS > 3 Days
LR 71.6 65.1 68.6% 59.4
RF 73.6 68.5 69.5% 59.5
GRU-D 73.3 68.5 68.3% 62.2

LOS > 7 Days
LR 72.4 18.5 91.9% 7.2
RF 76.4 19.5 92.3% 0.0
GRU-D 71.0 17.9 91.2% 10.7

Table 2.4: Performance Results on In-ICU Mortality, In-Hospital Mortality, > 3 Day
LOS, and > 7 Day LOS. (Note that due to their additional computational overhead,
GRU-D models were undersampled during hyperparameter turning as compared to
LR and RF models.)

2.4.3 Discussion

We intend MIMIC-Extract to serve as a foundation for both benchmarking the state-
of-the-art and enabling progress on new research tasks. Compared to other relevant
frameworks [103, 237, 284], we provide the only pipeline that generates a generic co-
hort that can be directly read in a simple format like Pandas DataFrame. Ours is also
the only pipeline that uses clinical aggregation, unit conversion and outlier detection
on a large set of raw MIMIC-III data. Ours is also the only work demonstrating an
intervention prediction task through predicting the onset, offset, stay on, and stay
off of mechanical ventilation and vasopressors. This task requires the model to han-
dle the decisions needed in a real ICU where subjects may go on and off treatments
throughout their stay using most recently observed data. We also offer easy extensi-
bility to allow MIMIC-Extract to be used with other common predictive tasks such
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RF LR CNN LSTM
Vent. Vaso. Vent. Vaso. Vent. Vaso. Vent. Vaso.

Onset (AUROC) 87.1 71.6 71.9 68.4 72.2 69.4 70.1 71.9
Wean (AUROC) 94.0 94.2 93.2 93.9 93.9 94.0 93.1 93.9
Stay On (AUROC) 98.5 98.5 98.4 98.2 98.6 98.4 98.3 98.3
Stay Off (AUROC) 99.0 98.3 98.3 98.5 98.4 98.1 98.4 98.1

Macro AUROC 94.6 90.7 90.4 89.8 90.8 90.0 90.0 90.1

Accuracy 79.7 83.8 78.5 72.9 61.8 77.6 84.3 82.6

Macro F1 48.1 48.9 47.7 45.1 44.4 44.4 50.1 48.1

Macro AUPRC 42.7 42.0 43.1 40.2 42.4 38.9 44.4 41.7

Table 2.5: Performance Results on Mechanical Ventilation and Vasopressor Prediction

as ICD-9 group classification or acute respiratory failure (ARF).
Our pipeline, despite its many benefits, also has some limitations due to design

choices more relevant to our benchmark tasks. We exclude features such as prescrip-
tions, certain labs and vitals, various treatments/interventions, and notes that might
be beneficial in prediction of other common tasks. However, many of these features
can be externally extracted and joined to our pipeline’s output. In addition, the time-
series coarsening into hourly buckets can also be limiting for certain tasks such as care
delivery [4]. Similarly, our clinical groupings, while offering high task performance,
are also manually curated and limit the extensibility of the pipeline to new labs and
vitals.

2.5 Conclusion

Realizing the potential of machine learning (ML) for healthcare towards deployment
is a multi-faceted effort, made possible by the availability of vast amount of digitized
electronic health record (EHR) data such as MIMIC-III [136]. Several advances in
the academic ML for health community have either reached advanced stages pre-
deployment, or have already been deployed by large biotech companies. Some exam-
ples include the MedKnowts effort [209, 94] towards smarter autocomplete based EHR
and drug discovery methods [276] being used by several pharmacological companies
such as Pfizer and BioNtech [194, 226, 206].

In this chapter, we target two important issues hindering the deployability of ML
in health models for EHR data: 1) model generalizability, and 2) reproducibility
of data pre-processing and modeling techniques. Towards the model generalizability
challenge, we demonstrate how standard year-agnostic models developed on EHR data
fail to generalize over time and across changing hospital systems. We introduce robust
clinically aggregate feature representations that nearly eliminate performance deterio-
ration across temporal shifts on two key prediction tasks: in-ICU mortality prediction
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and long length-of-stay. We analyze standard year-agnostic training scheme versus
the year-aware training scheme to confirm the robustness of our method, along with
presenting detailed year-by-year model performance spanning the Carevue to Metavi-
sion system change in 2008 for MIMIC-III. Towards the reproducibility challenge, we
introduce MIMIC-Extract, an open source pipeline to streamline data pre-processing
of MIMIC-IIIv1.4, including unit conversion, outlier handling and feature selection
(including our clinical aggregate feature representations). This pipeline offers robust
representations of labs and vitals time series, clinically meaningful interventions and
outcomes and easy usability and extensibility. Our pipeline has served as the basis
for several ML studies of MIMIC-III data [84, 85, 309, 86, 196, 213, 250, 280, 212].

This thesis develops methods that leverage the unique structure of medical data
along with available external knowledge to advance ML for healthcare. The methods
introduced in this chapter streamline the development of ML models for heterogeneous
EHR data, reducing the barrier of entry in this technically challenging area. Our novel
clinically aggregated embeddings are developed by grouping related measurements,
using knowledge from healthcare and statistics. Additionally, MIMIC-Extract of-
fers several benefits such as cohort selection, outlier handling and standard models
developed on EHR data, making it straightforward for practitioners to pre-process
MIMIC-III data and develop ML models with it. The findings of this chapter empha-
size that developing features using clinical knowledge increases the robustness and
performance capabilities of ML for health models. We believe the best way forward
for machine learning in health is to marry popular end-to-end approaches with those
leveraging explicit structure and feature engineering to counteract the trade-offs be-
tween high performance and needing large amounts of clean data for training, in line
with recommendations from Battaglia et al. [15].
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Chapter 3

Streamlining relation extraction for
noisy medical text

Abstract

In this thesis, we develop approaches that bring together feature representations lever-
aging external knowledge with end-to-end machine learning methods for modeling
complex medical data. This chapter is based on two works [40, 131], the second of
which is featured in my S.M thesis.

An important consideration towards advancing state-of-the-art in ML for health
is the reproducibility of studies to allow for compounding and transparent scientific
improvements. We tackle reproducibility challenges in the field of relation extraction
(RE), an important task allowing for automatic extraction of relational knowledge
from scientific and medical literature and forming an important component of Nat-
ural Language Understanding (NLU). After conducting a thorough literature review
(as of the publication), we find that reproducibility is hindered due to 1) many experi-
ments in the field not being described precisely enough, and 2) many papers failing to
report ablation studies that would highlight the relative contributions of their various
combined techniques, to clearly highlight the techniques that offer the most improve-
ment. As a result, there is a lack of consensus in the field on techniques that will
generalize to novel tasks, datasets and contexts.

Our main contributions are in: 1) introduction of a highly accurate RE model that
can effectively extract relational information from scientific abstracts, 2) development
of a unifying and extendable framework for RE (known as REflex) that allows for easy
exploration into the missing ablation studies and identifies best design practices for
accessibility to new researchers. Additionally, the systematic exploration of modeling,
pre-processing and training methodologies using our framework reveal that choices of
pre-processing using external knowledge are a large contributor to performance and
that omission of such information can further hinder fair comparison.
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3.1 Introduction

Relation Extraction (RE) has gained a lot of interest from the community with the
introduction of the Semeval tasks from 2007 by Girju et al. [90] and 2010 by Hen-
drickx et al. [111]. The field is a subset of information extraction (IE) with the goal
of finding semantic relationships between concepts in a given sentence, and is an im-
portant component of Natural Language Understanding (NLU). Applications include
automatic knowledge base creation, question answering, as well as analysis of un-
structured text data. Since the introduction of RE tasks in the general and medical
domains, many researchers have explored the performance of different neural network
architectures on the datasets.

However, the findings as of our published papers suggest that progress in RE is
hampered by reproducibility issues as well as the difficulty in assessing which tech-
niques in the literature will generalize to novel tasks, datasets and contexts. This
chapter introduces REflex, an open source unifying framework for RE, that allows
researchers to perform various modeling and model-complementing explorations on a
new dataset of their choice. This chapter also highlights RE methods that are effec-
tive at extracting relationships from scientific article abstracts, which form the basis
of our technical contributions in REflex.

3.1.1 Our Contributions

Given the lack of detailed evaluation studies in RE, it is difficult to assess the causes
of large variability of results, which makes a fair comparison of models a difficult
task. An open-source unifying framework enabling the comparison of various training
methodologies, pre-processing, modeling techniques and evaluation metrics would
help add clarity to what techniques add true performance and generalize best. The
contributions of this work is as follows:

1. A quantitative literature review highlighting the extent of the reproducibility
issue in RE to motivate this study

2. An exploration into the best modeling approaches for extracting relations in
scientific article abstracts, forming the modeling basis of our framework

3. An open-source unifying framework known as REflex1, that is extendable to
new datasets.

4. Exploration of modeling and model-complementing (training methodologies and
pre-processing) techniques on 3 popular RE datasets, along with a discussion
of the implications of different evaluation metrics, particularly for the medical
settings. Insights from our exploration allow us to provide recommendations
for future research in the RE area.

1code available at https://github.com/geetickachauhan/relation-extraction
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3.2 Brief introduction to the relation extraction task
Relation Extraction (RE) is a popular task in Natural Language Processing (NLP)
research, and the goal of RE is to find semantic relationships between entities in
a document. A relation is defined as a function 𝑡 = 𝑟(𝑒1, 𝑒2, ...𝑒𝑛) where 𝑒𝑖 are
entities in a predefined relation 𝑟 in a document 𝐷. More commonly, the community
considers binary relations of the form father-of(Manuel Blum, Avrim Blum). Relation
Classification (RC) is a subset of RE that involves distinguishing between relation
types as opposed to detecting whether a relation exists between entities.

This task has been commonly applied in the general as well as biomedical domains.
In particular, Ravichandran and Hovy [252] employ the use of relational patterns for
answering factoid questions related to topics such as birthdate, location and definition.
Zhang et al. [331] apply a neural model to the slot-filling task (an alias for relation
classification rather than extraction), which assists in populating knowledge bases.
They predict varied relations such as spouse, siblings and title.

In the biomedical domain, Liu et al. [184] extracted protein-protein interactions
using a feature-based approach with a support vector machine (SVM) classifier. The
relation they try to discover is a tertiary relation between a protein, organism and a
location. In a sentence like, Exoenzyme S is an extracellular product of Pseudomonas
aeruginosa, they predict the existence of the Protein-Organism-Location relation be-
tween Exoenzyme S, Pseudomonas aeruginosa and extracellular. In the biomedical
domain, relation extraction can have important applications such as assisting in drug
discovery and in detection of cancerous genes [12]. In particular, drug-drug interaction
extraction [266] is useful in allowing for automatic identification of drug interactions,
in order to reduce the time spent by health care professionals in reviewing the medical
literature. This detection is also an important research area in patient safety as the
interactions can have life threatening effects.

3.3 The extent of the reproducibility crisis in rela-
tion extraction

Notes and updates since paper publishing The paper associated with this
study was published in 2019, making our quantitative literature review current as
of that year. Since then, there has been substantial growth in the field of natural
language processing (NLP) through the introduction of transformers by Vaswani et al.
[293]. The BERT [64] paper introduced a streamlined paradigm of pre-training and
fine-tuning to all NLP tasks, including relation extraction. In this chapter, major
methods introduced before 2019 (and right around the introduction of the BERT
paper) are referenced. Since the advent of transformers, few-shot learning and the
use of task agnostic models is more common [27] than our suggested approach of
relation-extraction specific models.

This section consists of two types of literature reviews: a quantitative one pro-
viding evidence into the problems hindering progress in RE and a methods one,
introducing the modeling and evaluation techniques commonly used in the field. The
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quantitative review provides evidence of the reproducibililty issue, while the meth-
ods review summarizes the common techniques and open-source frameworks already
existing in the field.

3.3.1 Quantitative Literature Review

To motivate the problems hampering progress in RE, we performed a systematic
search process as of February 2019 by looking at the cited by list on Google Scholar
(roughly ordered by number of citations) of 3 dataset papers: Hendrickx et al. [111]
(semeval), Segura-Bedmar et al. [266] (ddi) and Uzuner et al. [290] (i2b2). These
are the datasets forming the primary reproducibility study, and the scientific ab-
stracts dataset by Buscaldi et al. [29] was primarily used for exploring the RE models
that form the basis of the reproducibility study2. We skimmed through the first 40
papers for the semeval paper, 110 papers for the ddi paper and 578 papers for the
i2b2 paper, looking specifically for neural relation extraction papers that used neural
network architectures.

Upon applying this filtering procedure, we found 22 papers for semeval (+ 4
papers that were not in the search list, but were cited in section 3.3.2), 15 papers
for ddi (+ 2 papers from the section 3.3.2) and 12 papers for i2b2. There was an
overlap of 2 papers in the semeval and ddi list, but since they were being applied to
the biomedical tasks, we decided to move them to the ddi list. Finally, there were 24
papers for semeval, 17 papers for ddi and 12 papers for i2b2. For the final list of
papers, please refer to Appendix B. In total, there are 53 relevant neural RE papers
discussed in the following subsections, filtered from a total of 728 papers.

Reproducibility

Reproducibility is important for validating previous work and building upon it [78].
Lack of reproducibility can be attributed to many factors such as difficulty in availabil-
ity of source code [122] and omission of sources of variability such as hyperparameter
details [52].

Only 16 out of the 53 relevant papers had released their source code. In the
semeval list, only 6 out of 24 total papers had source code available. This number
was 6 out of 17 for ddi and 4 out of 12 for i2b2. Additionally, much of this code
was lacking in modularity to be easily extendable to new datasets. In many cases,
the process of reproducing the paper results was also unclear and lack of proper
documentation made this more difficult.

Models were more frequently evaluated on only one dataset. However, papers
in the general domain often evaluated their models on a larger number of datasets
than the biomedical domain. In semeval, an average of 1.75 datasets were evaluated,
with 8 papers being evaluated on more than 1 dataset. Out of these papers, one
was evaluated on 6 datasets and the others were evaluated on 7 datasets. Only one
of these papers had source code available, which was not mentioned in the paper

2Note that the dataset by Buscaldi et al. [29] was new and ours was one of the first studies
participating in the original task challenge
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and was found by additional search on Google. In ddi, 1.23 datasets were evaluated
on average with 4 papers being evaluated on 2 datasets. For i2b2, 1.42 datasets
were evaluated on average, and this number was driven by one paper evaluated on 5
datasets whose source code was not publicly available.

Most papers from the list mentioned some hyperparameter details. However, the
list was often incomplete, and the common missing hyperparameters were number of
epochs, batch size and whether a random initialization seed was set for the model
or the random functions used in the code. Some papers that used the early stop
mechanism were missing information about the size and criterion of the early stop
evaluation data. Papers also failed to mention if a specific hyperparameter search
strategy like grid search, manual search, or random search was performed [21].

Ablation Studies

Ablation studies are important in understanding the sources of variation in results
as well as which parts of the model drive performance. While 20 of the 24 papers
in the semeval list performed ablation studies, very few from the ddi and i2b2
list performed them. 7 of 17 papers performed an ablation study in ddi and 3 of 12
papers did so for i2b2. In ablation studies and other reported experiments, key details
related to pre-processing were missing, which we found critical in our experiments.

3.3.2 Methods Literature Review

Survey of Modeling Techniques

Given the popularity of neural relation extraction in the recent years, there is an
abundance of papers that apply similar techniques to different datasets. Despite
neural relation extraction existing since 2012, the biomedical domain saw a less rapid
application of these models as compared to the general domain, as seen in the following
subsections. And even though these papers investigated different neural network
architectures for this task, no studies were published that explored the extent of
improvement offered by non-modeling techniques such as pre-processing, evaluation
techniques and hyperparameter tuning techniques for RE.

General domain Relation extraction over the general purpose domain has
seen rapid progress in recent years with the introduction of the SemEval 2007
and 2010 tasks on relation classification between pairs of nominals, as well as
2018 task on relation extraction and classification in scientific papers [90, 111,
82].

The submissions to the 2007 and 2010 tasks involved the use of varied clas-
sification models such as Naive Bayes, k-nearest neighbor (k-NN), Maximum
Entropy (MaxEnt) and SVM classifiers. Neural Network (NN) applications to
NLP were only made popular in 2011 by Collobert et al.. In 2012, Socher et al.
[274] applied a matrix-vector based recursive neural network (MVRNN) using
a syntactic parse tree feature to improve performance for the SemEval 2010
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dataset on top of existing non-neural techniques. However, Zeng et al. [322]
were the first to apply a model not based on semantic features. They applied
a Convolutional Neural Network (CNN) architecture with novel position-based
features to the same task and achieved a better performance than MVRNN.

Since then, the field of neural relation extraction saw many advances. In
2015, Zeng et al. [323] introduced a distant supervision technique for relation
classification using a multi-pooling approach over CNNs. In the same year, var-
ious other CNN based approaches were introduced [265] (CRCNN model used in
our experiments) and [311] and so were Recurrent Neural Network (RNN) based
approaches [328, 72, 312]. 2016 saw even more complex models and better per-
formance on relation classification [205, 297, 30, 313]. Finally, additional meth-
ods explored different architectures beyond the standard RNN and CNN, by
using graph convolutions over dependency trees of the sentences [333]. Another
method reduced relation extraction to answering simple reading comprehension
questions [160].

Biomedical Domain Advances in the biomedical domain have been inspired
from techniques in the general domain, but have happened at a slower pace.
There exist relation extraction challenges in this domain as well, including the
drug-drug interaction extraction task known as DDI Extraction [266] (ddi) and
the relation classification task on clinical notes [290].

For both challenges, participants submitted non-neural models, but there
has been considerable work on these datasets since their respective years. De-
spite the many modeling techniques proposed by researchers working in the
general purpose domain, most papers built on top of the idea of using CNN
with position-based embeddings from [322]. Even for tasks involving relation
extraction from scientific abstracts [11, 82], this modeling technique seems to be
a common baseline [156, 259, 131]. The first time a neural model was applied
to ddi was in 2016 by Liu et al. [181]. The model involved dataset specific
pre-processing on top of the CNN with the position features model proposed by
Zeng et al.. Around the same time and with similar performance, Zhao et al.
[336] introduced a syntax CNN method, that made use of word embeddings
based on the syntactic parse of the sentence on top of position embeddings as
well as grammatical features.

In the same vein as the multi-pooling approach by Zeng et al. [323], Luo
et al. [191] proposed a segmented CNN approach with position embeddings in
2017 by dividing the sentence into 5 parts based on the position of the entities.
Similarly, He et al. [108] applied a multi-pooling architecture on top of a CNN
with position embeddings and a loss function with a category-level constraint
matrix. The same authors also explored a unified CNN-RNN architecture in
[107]. Similar to the shortest dependency path idea by Xu et al. [312], Li et al.
[162] used an RNN along the shortest dependency path along with character-
based convolutions to extract relations in two common biomedical datasets.
Finally, another paper discussing the improvement that character embeddings
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can provide for a biomedical dataset is Nguyen and Verspoor [215]. Character
embeddings is a popular idea employed previously in the relation extraction
domain [156].

Prior frameworks and studies

Existing open source frameworks Literature review suggests that the field
of relation extraction would benefit from an open source, extendable and trans-
parent framework. While there do exist frameworks for RE such as Björne and
Salakoski [22] and Kang et al. [147], they are based on a support vector machine
(SVM). There does not exist a generalizable neural network-based framework
for this field. In terms of existing products, Amazon released the Amazon Com-
prehend Medical API, allowing relation extraction for clinical notes, but this is
more of a black-box model, which is not as beneficial to the research community.

Existing evaluation studies Even though there is a gap between the gen-
eral and medical relation extraction domains at the moment, more mainstream
research is now being applied to medical datasets. Another study by Mandya
et al. [195] employed a combined LSTM-CNN model for cross-sentence relation
extraction to semeval and a biomedical dataset with the aim to show state of
the art performance on the biomedical domain. Additionally Zhao et al. [336]
provided a detailed ablation study on the effect of performance provided by
negative instance filtering, which is a pre-processing technique specific to ddi,
as well as the modeling techniques that they choose.

Outside the relation extraction domain, impact of non-modeling techniques
is being studied, with Reimers and Gurevych [253] reporting the effect of differ-
ent hyperparameters in the performance for the named entity recognition (NER)
task. The same authors also studied the effects of random initialization seeds
on the performance of models in [255], with the conclusion that comparing score
distributions of two models is much more impactful than simply comparing one
evaluation score. Additionally, Crane [58] discussed similar problems for the
question-answering field.

The effects of pre-processing for sentiment analysis and text categorization
were tested in [31]. Addressing the replication and reproduction issue for NER
and Wordnet:Similarity tasks is an older work by Fokkens et al. [78]. They spoke
about the impact of different non-modeling techniques such as preprocessing,
experimental setup, versioning, system output and system variation for these
tasks and conclude that these categories are important to explore in order to
maintain reproducibility of results. Another paper aiming to understand the
text processing capabilities of CNN filters is Jacovi et al. [124].

RE would benefit from such studies to understand the true source of perfor-
mance gains in results. Current studies in RE are local in nature in that they
simply focus on the improvement offered by modeling techniques rather than
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those provided by non-modeling techniques, such as a range of pre-processing
techniques.

3.4 Relation extraction on scientific abstracts
We formed the modeling basis for our reproducibility study via a thorough exploration
into recurrent versus convolutional neural network architectures for relation extraction
on scientific abstracts. In this section, we will briefly explain the task and highlight
key findings that led us to use the convolutional architecture for our reproducibility
study.

3.4.1 The task: Semeval 2018 task 7

SemEval 2018 Task 7 [82] focuses on relation classification and extraction on a corpus
of 350 scientific paper abstracts consisting of 1228 and 1248 annotated sentences for
subtasks 1.1 and 1.2, respectively. There are six possible relations: USAGE, RESULT,
MODEL-FEATURE, PART_WHOLE, TOPIC, and COMPARE.

Given this data, our task is to take an example sentence, as well as the left and
right entities within that sentence, and an indicator as to whether the relation is
reversed, and predict the relation type for that sentence. In subtasks 1.1 and 1.2,
all presented sentences have a relation. The difference between the two subtasks is
that subtask 1.1 deals with relation extraction on clean data where entity occurences
are manually annotated whereas subtask 1.2 deals with relation extraction on noisy
data with entity occurences being automatically annotated. Relations are manually
annotated in both subtasks.

3.4.2 Methods

Pre-processing

Data was tokenized using the SpaCy tokenizer3. Part of speech (POS) tags were
extracted using SpaCy, while lemmas and hypernyms were extracted via WordNet
[200], inspired by Rink and Harabagiu [256].

Initial Experiments

We tested several machine learning methods on these data, including a logistic regres-
sion classifier over tf-idf features extracted from words, lemmas, hypernyms, and
POS. Additionally, we tested deep random forests with multi-grain sequence scanning
over word embeddings sequences [340] and LSTM with attention [339] over word or
lemma or hypernym embeddings plus character sequence embeddings, with position
indicators. Lastly, we tested a CNN model over these data, using word or lemma
embeddings, position embeddings, and a variant of negative sampling. After optimiz-
ing all model configurations and doing preliminary hyperparameter optimization via

3https://github.com/explosion/spaCy
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Model Acc. (%)
SVM 64.0± 5.3
LR 65.3± 4.3
DEEP RF 63.1± 4.1
LSTM 61.4± 5.5
CNN 66.3 ± 4.4

Table 3.1: Comparison of best performance of different model types in our initial
experimentation.

automatic grid search, early comparisons between the differing model classes yielded
the results in Table 3.1. These results were measured in accuracy over 15-fold cross
validation on the 1.1 train set. Given these initial results, we focused principally on
the CNN model.

CNN model details

the

probabilistic

model

used

in

the

alignment

rx

Feature embeddings Convolution layer with
multiple kernel sizes
and feature maps

Max pooling Scoring
s(x)=rxTWclasses

dw 2dwp

Figure 3-1: Illustration of CNN model architecture. The entities probabilistic model
and alignment have the USAGE relation between each other, which the model is
expected to predict as its objective.

Figure 3-1 presents the architecture of the CNN model. The model first takes the
tokenized sentence, as well as the targeted entities, and transforms it to a sequence of
continuous embedding vectors. These vectors contain word embeddings (𝑑𝑤) and two
set of word position embeddings (𝑑𝑤𝑝), corresponding to the relative distance of the
other sentence words from the left entity and the right entity. Next, the model uses
a convolution layer followed by max pooling to transform the embedded sentence to
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Symbol Name Value
𝑑𝑤 Word Embed. Size 50
𝑑𝑤𝑝 Pos. Embed. Size 42
𝑑𝑐 Convolution Units 900
𝑘 Convolution Kernel 2,3,4
𝑚+ Correct Label Margin 2.2
𝑚− Incorrect Label Margin 0.7
𝛾 Penalty Scale Factor 3.1
𝜆 Learning Rate 0.0008
𝛽 L2 Regularization 0.01
𝑑 Dropout Ratio 0.5

Table 3.2: CNN model final hyperparameters.

a fixed-size representation of the whole sentence (𝑟𝑥). Finally, the score is computed
for each relation class via a linear transformation (𝑠𝑥). The overall system is trained
end-to-end via a cross entropy loss augmented with a variant of negative sampling to
increase the score of the correct label while decreasing the score of the incorrect ones.

3.4.3 Results

We first optimized the CNN model hyperparameters via random search with 90 sam-
ples; final hyperparameters are shown in Table 3.2.

Beyond traditional hyperparameter optimization, a number of modifications with
this model achieved performance gains during our final stages of experimentation, as
determined by cross validation over either the 1.1 or 1.2 data. We detail the types of
these changes below, then show the performance results obtained on the test set (not
the cross validation results which motivated their use in our system) in Table 3.3.

Merged Training Sets Merging the 1.1 & 1.2 training datasets as a new training
set had a large impact on the macro F1 score of our models. Both training
datasets are relatively small, containing only approximately 1200 examples.
Merging the 1.1 and 1.2 training sets helps equalize class imbalance and expand
the dataset size, at the cost of introducing a biased distribution of relation types
for either class alone.

Reversal Indicator Features Each entity pair was given the information whether
the relation of it is reversed or not. We added this binary feature, which proved
useful.

Custom ACL Embeddings Specializing our word vector embeddings pre-training
source to an ACL-specific corpus [245] offered notable gains.

Context words We explored using a context window of varying sizes around the
entity-enclosed text within the sentence. Our pre-submission cross validation
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Condition 1.1 (%) 1.2 (%)
1.1 Train Set 49.0± 1.2 N/A
1.2 Train Set N/A 66.5± 3.2
Merged Train Sets 68.5± 3.8 74.4± 3.2
Reversed Feature 69.0± 1.2 78.0± 3.6
ACL Embeddings 71.7± 0.7 80.5± 1.5
Context Words 71.3± 1.0 82.5± 1.6
Ensemble 72.7 85.0

Table 3.3: CNN Improvements over a series of modifications. Each row includes
the modifications of the previous rows. All numbers are macro-F1 scores on test set
after 10 runs in the form of {average}±{standard deviation} (the “Ensemble” row
lacks deviation numbers as it, being a variance reduction technique, does not have
the same sources of variation as the other models). We report ±20 context words
here, which was found to be optimal in post-submission experimentation, but our
submitted models used ±50 context words, which was preferred under initial cross
validation.

experiments suggested a context window of ±50 words was optimal, but post-
submission evaluation on the provided test set yielded better results with a ±20
word window. Empirically, the number of context words to be included needs
to be optimized on the specific dataset.

Ensembling We trained 50 copies of our network, using different random initializa-
tions and dev sets (for early stopping), then averaged their scores for prediction.
This reduced variance of our predictions and improved performance.

3.4.4 Summary

The CNN model, along with the hyperparameters found in this subsection, formed
the modeling basis for our REflex framework. While the ablation studies presented
here are specific to the Semeval 2018 task 7 [82], many of the hyperparameter-related
findings are generalizable to our framework.

3.5 REflex: A flexible framework for relation extrac-
tion in multiple domains

To support our reproducibility research in relation extraction, we introduce a unifying
framework seen in figure 3-2 that allows us to perform systematic explorations into
modeling, pre-processing and training methodologies for filling in the knowledge gaps
around unreported ablation studies and understand the methods’ true sources of
performance improvements. We also intend for our framework to be an easy-to-use
reference for beginner researchers in the field.
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Figure 3-2: Systematic exploration framework. Each dataset results computed sepa-
rately.

The framework breaks up various parts of processing into different stages, allowing
for modular addition of components in the future. First, a formatter converts the raw
dataset into a common input format accepted by the preprocessor, and the pre-
processed dataset is then fed to the model. The model then performs the training
after which evaluator performs evaluation on the test set (or development set for cross
validation). With this framework, we explore various pre-processing, modeling and
model-complementing strategies on 3 datasets we refer to in the rest of this chapter
as semeval, ddi and i2b2. Our exploration, tasks and datasets are described below.

3.5.1 Datasets and Tasks

semeval Semeval 2010 task 8 [111] consists of 8000 training sentences as well as
2,717 test sentences for the multi-way classification of semantic relations between
pairs of nominals. There are a total of 19 relations (where 18 relations consist of
taking directionality into account), with an Other class which is considered noisy,
with annotators classifying this class if no fit was found in the other classes. The
official evaluation reported macro-F1 scores and did not count the Other class in
calculations. Inter-annotator agreement for this dataset is between 60% and 95%.

ddi Semeval 2013 task 9.2 [266], commonly known in the literature as drug-drug
interaction (DDI) extraction, consists of 1,017 texts with 18,491 pharmacological
substances and 5,021 drug-drug interactions from PubMed articles in the pharma-
cological literature. A total of 5 relations are present with a None class indicating
no interaction between the drug pairs. The official evaluation reported macro-F1
scores for classification, along with a detection macro-F1. While classification was
a multi-class classification task, detection converted the problem into a binary clas-
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sification between non-None classes and None classes. The challenge task dataset
was developed from two separate annotated sources, the first with an inter-annotator
agreement greater than 80%, and the second with agreement between 55% and 72%.

i2b2 i2b2/VA 2010 relations [290] consists of discharge summaries from Partners
Healthcare and the MIMIC II Database [261]. They released 394 training reports,
477 test reports and 877 unannotated reports for this purpose. After the challenge,
only a part of the data was publicly released for research and the dataset consists of
8 non-None relations in three categories: Medical Problem - Problem, Problem - Test
and Problem - Treatment relations. There were also None relations present in each
of the three categories. The official evaluation reported micro-F1 scores and did not
count the None class in calculations.

3.5.2 Pre-processing methods

Various pre-processing methods are tested after performing simple tokenization and
lower-casing of the words: entity blinding used by Liu et al. [181], commonly applied
stop-word and punctuation removal, digit normalization applied for ddi in [336],
and named entity recognition related replacement (this is known as NER blinding in
this work). We used the spaCy framework4 to perform tokenization as well as to
identify punctuations and digits.

Stop word removal is a common technique in Natural Language Processing (NLP)
to remove commonly used words such as the and is in order to simplify the sentence.
The technique was first coined in Luhn [188], and was commonly used in Information
Retrieval (IR) to make the processing of natural language queries faster and more
accurate.

Digit normalization refers to the replacement of all decimals and integers in
the sentence by the word number. Instead of using regular expressions to search for
decimals and digits, we used spaCy’s like_num argument which identifies decimals
and digits as well as language specific words like ten or hundred.

Entity blinding and NER blinding are similar concept blinding techniques
where the first is performed based on gold standard annotations, while the second is
performed by running NER on the original sentence. We replace the words in the
sentence matching the entity or named entity span with the target label and use those
for training and testing.

Entity labels for semeval were not annotated with type information, whereas
ddi identified drugs and i2b2 identified medical problems, tests and treatments.
Therefore, entity labels for semeval were ENTITY, for ddi were DRUG and for
i2b2 were PROBLEM, TREATMENT and TEST. In this work, we use fine-grained
concept type to refer to the presence of more than one concept type, as in the the
case of i2b2.

NER labels for semeval consisted of those provided by the large english model
by spaCy and provided standard types such as PERSON and ORGANIZATION,

4https://github.com/explosion/spaCy
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whereas those for the medical datasets was provided by the scispacy medium size
model5 and did not provide types. In this case, blinding consisted of replacing the
words in the sentence by Entity.

As an example of blinding, consider the sentence in figure 3-3 with its entity
blinded version fed to the model.

Subsequent exercise treadmill test demonstrated no evidence of ischemia by EKG

Test TestProblem

Entity Blinding

TEST demonstrated no evidence of PROBLEM by TEST

Figure 3-3: Result of entity blinding for a sentence in the i2b2 dataset

3.5.3 Model

We employ the baseline model described in section 3.4.2, which is based upon [322]
and [265]. Our model is a convolutional neural network (CNN) with position embed-
dings and a ranking loss with negative sampling (referred to as CRCNN in this work.
The model is initialized with pre-trained word embeddings based on the domain it
is applied to: for the general domain dataset, the model is initialized with senna
embeddings by Collobert et al. [53], whereas for the medical domain (biomedical and
clinical) the model is initialized with the PubMed-PMC-wikipedia embeddings released
by Pyssalo et al. [238]. Many perturbations on top of CRCNN model are tested, such as
piecewise max-pooling, as suggested by Zeng et al. [323] and ELMo embeddings
Peters et al. [229]. To compare different featurizations of contextualized embeddings,
we also employ the embeddings generated by the BERT model (rather than using
them in the standard fine-tuning approach).

The fine-tuning approach, which tends to be computationally expensive, has been
thoroughly explored for multiple tasks, including medical relation extraction by Lee
et al. [157], but the approach of using contextualized embeddings had not been ex-
plored in the literature as much at the time of publication. We chose to explore
different ways of incorporating the BERT contextualized embeddings for researchers
that wanted to utilize a less computationally intensive technique, while still aiming
for performance gains for their task.

Because ELMo provides token level embeddings, they were concatenated with the
word and position embeddings from CRCNN before the convolution phase. According
to the terminology used in section 3.4.2, new feature embeddings were generated by
concatenating the word embeddings, word position embeddings as well as the ELMo
embeddings on a word-by-word basis.

BERT, in contrast, provides word-piece level as well as sentence level embed-
dings. The word-piece level embeddings were concatenated similar to ELMo (known

5https://allenai.github.io/scispacy/
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as BERT-tokens) after the individual word pieces were averaged to form one word
embedding. For example, if BERT split the word “playing” to generate embeddings
for “play” and “##ing,” we averaged the embeddings for the two word pieces to form
one word embedding for “playing.” The sentence level embeddings were concatenated
with the fixed size sentence representation, known as 𝑟𝑥 in section 3.4.2, which is
output after convolution of word and position embeddings (known as BERT-CLS).

3.5.4 Training Methodologies

Two types of hyperparameter tuning were explored: manual tuning and random
search [21].

Hyperparameter Values
epoch {50,100,150,200}
lr decay [1e-3, 1e-4, 1e-5]
sgd momentum {T, F}
early stop {T, F}
pos embed {10, 50, 80, 100}
filter dimension {50, 150}
filter size 2-3-4, 3-4-5
batch size {70, 30}

Table 3.4: Hyperparameters explored for the first pass of manual search. lr decay
means learning rate decay at [60, 120] epochs, pos embed refers to the position em-
bedding size.

Hyperparameter Distributions
epoch uniform(70, 300)
lr {constant, decay}
lr init uniform(1e-5, 0.001)

filter size 2-3, 2-3-4, 2-3-4-5
3-4-5, 3-4-5-6

early stop {T, F}
batch size uniform(30, 70)

Table 3.5: Hyperparameter distributions for random search. Those written in {} are
picked with equal probabilities. The learning rate (lr) was uniformly initialized, and
decayed from 0.001 to the lr init value (used as a post decay value in this scenario)
at half of the number of epochs. If early stop was true, patience was set to a fifth
of the number of epochs. We ran 100-120 experiments for each dataset to search for
optimal hyperparameters.

Evaluating on 3 datasets meant that we needed to identify a default list of hyperpa-
rameters by tuning on one of the datasets before identification of the hyperparameter
list for the other two. We chose semeval for initial tuning due to its larger literature
and because the CRCNN model was originally evaluated on this dataset. We started
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with reference hyperparameters listed in Zeng et al. [322] and Santos et al. [265] and
identified default hyperparameters after tuning on a dev set randomly sampled from
the training data of the semeval dataset. These default hyperparameters6 were used
as starting points for manual tuning on the medical datasets as well as random search
for all datasets.

We perform manual tuning on a subset of the hyperparameters, mentioned in
table 3.4. In order to avoid overfitting in cross validation pointed out by Cawley and
Talbot [37], we perform a nested cross validation procedure, keeping a dev fold for
hyperparameter tuning and a held out fold for score reporting.

On these dev folds, we perform paired t-tests for each of the perturbations to the
parameters listed in table 3.4. The first pass involves changing one hyperparameter
per experiment and noting the ones that cause a statistically significant improvement,
which helps in identification of a narrower list of hyperparameters to tune on. We
further refine the hyperparameter values in our second pass by testing on values
similar to those that were leading to statistically significant improvements in the first
pass. For example, if we noticed that lower epoch values were helpful in the first pass,
we tested them in combination with the other optimal hyperparameter values (from
first pass) in the second pass.

For each of the datasets, we tuned based on their official challenge evaluation
metrics listed in section 3.5.1. ddi and i2b2 involved 5-fold nested cross validation,
whereas semeval involved 10-fold cross validation.

Random search was performed based on the official evaluation metrics for each
dataset, on a fixed dev set randomly sampled from the training data. Distributions
used for the search are listed in table 3.5.

3.5.5 Reported metrics

We report results on the official metrics for each of the challenge tasks, as described in
section 3.5.1. The official challenge problems for all datasets compared models based
on multi-class classification, but for the medical datasets, we were also interested in
the changes in model performance if the task was treated as a binary classification
problem. This was based on the rationale that in the drug literature, for example,
pharmacologists would not want to sacrifice the ability to identify a potentially life
threatening drug interaction pair, even if the type of the drug pair is not known.
Therefore, we report results for the multi-class as well as the binary classification
scenario. For clarity, let us refer to them in the rest of the chapter as classification
and detection respectively.

Detection results were obtained using our evaluation scripts by treating existing
relations as one class, ignoring the types outputted by the model. The other class in
this task was the None or Other class, representing non-existing relations. Note that
we did not re-train the model for this task.

6listed in source code
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3.5.6 Result 1: Pre-processing causes large variations in per-
formance, and often goes unreported in the literature

Often, papers fail to mention the importance of pre-processing in performance im-
provements. Experiments in table 3.6 reveal that they can cause larger variations in
performance than modeling.

We applied pre-processing changes with the CRCNN model with default hyperpa-
rameters for semeval and manual hyperparameters for the medical datasets. All
comparisons are performed against the original pre-processing technique, which in-
volved using the original dataset sentences in training and test. Further details of
this analysis are located in the appendices of my S.M. thesis 7.

Preprocess
Dataset semeval ddi i2b2

Class Detect Class Detect

Original 81.55 65.53 81.74 59.75 83.17
80.85 (1.31) 82.23 (0.32) 88.40 (0.48) 70.10 (0.85) 86.45 (0.58)

Entity Blinding 72.73 67.02 82.37 68.76 84.37
71.31 (1.14) 83.56 (2.05)• 89.45 (1.05)• 76.59 (1.07) 88.41 (0.37)

Punct and Digit 81.23 63.41 80.49 58.85 81.96
80.95 (1.21)• 80.44 (1.77) 87.52 (0.98) 69.37 (1.43)• 85.82 (0.43)

Punct, Digit and Stop 72.92 55.87 76.57 56.19 80.47
71.61 (1.25) 78.52 (1.99) 85.65 (1.21) 68.14 (2.05)• 84.84 (0.77)

NER Blinding 81.63 57.22 79.03 50.41 81.61
80.85 (1.07)• 78.06 (1.45) 86.79 (0.65) 66.26 (2.44) 86.72 (0.57)•

Table 3.6: Preprocessing techniques with CRCNN model. Row labels Original = simple tokeniza-
tion and lower casing of words, Punct = punctuation removal, Digit = digit removal and Stop =
stop word removal. Test set results at the top with cross validated results (average with standard
deviation) below. All cross validated results are statistically significant compared to Original pre-
processing (𝑝 < 0.05) using a paired t-test except those marked with a •

Punctuation and Digits are important in the biomedical domain

Removal of punctuation and digits (punct) hurts classification and detection per-
formance for the ddi dataset, which is a biomedical dataset. On the other hand,
performance on i2b2 is worse only for the detection task. Statistical significance is
not found for the other tasks and datasets.

This indicates that punctuation and digits are more important for the ddi dataset
and that they are important only for the detection of relations for i2b2. To further
investigate which of punctuation and digit normalization was the larger contributor
in worse performance, we looked at examples where misclassifications were occuring.

7https://dspace.mit.edu/handle/1721.1/122694
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Stop words are important in relation extraction settings

Removal of punctuation, digits and stop words (stop) is hurting performance more
than punct (statistically significant for ddi and semeval with 𝑝 < 0.005). This effect
is less drastic for i2b2: stop is not statistically significantly worse than punct for
classification task, but is significantly worse with 𝑝 = 0.015 for the detection task.
This indicates that stop words are important for relation extraction.

Fine-grained concept types could be helpful in general because of their
ability to simplify the sentence

The availability of fine-grained concept types is likely to boost performance in re-
lation extraction settings. The i2b2 dataset provided fine-grained concept types in
the form of medical problem, test and treatments. Entity blinding causes almost 9%
improvement in classification performance and 1% improvement in detection perfor-
mance. In contrast, ddi only provided gold standard annotations for drug types in
the sentence, and while this does not cause statistically significant improvements for
cross validation, it does improve test set classification performance by about 1.5% and
detection performance by 1%. For these medical datasets, NER blinding consisted
of replacing the detected named entities by Entity because named entity types were
not available (more details in section 3.5.2). Due to the coarse-grained nature of the
entities, it hurts classification performance significantly, and detection performance a
little.

Entity blinding hurts performance for semeval, possibly due to the coarse grain
nature of the replacement and the entity bias [332]. The replacement loses associ-
ations between the entity mentions and relation types, which reduces performance.
While a finer-grain replacement in this setting (NER blinding) does not cause a sta-
tistically significant change in performance, it has been shown to be a helpful feature
by [274]. To recall, entity blinding involved replacement of entity words by Entity,
while NER blinding involved replacing named entities in the sentence with labels such
as ORGANIZATION and PERSON (more details in section 3.5.2).

Reasonable performance is maintained on the Detection task

For the medical datasets, while classification performance varies highly with different
pre-processing techniques, detection is relatively unaffected. In a setting where one
cares more about detection of relationships rather than multi-class classification, one
would be able to get away with using non-complicated pre-processing techniques to
maintain reasonable performance.

3.5.7 Result 2: Reporting on one test set score is problematic
due to split bias

All 3 datasets evaluate models based on one score on the test set, which is common
practice for NLP challenges. Reporting one score as opposed to a distribution of
scores has been shown to be problematic by Reimers and Gurevych [254] for sequence
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tagging. Crane [58] discuss similar problems for question-answering. Our experiments
show that even if you keep the same random initialization seed (all our experiments
have a fixed random initialization seed), split bias can be another source of variation
in scores.

Significance testing of some cross validated results reveals no significance even
when the test set result improves in performance. This is particularly concerning for
ddi where entity blinding (called drug blinding in the literature) is used as a standard
pre-processing technique without ablation studies demonstrating its effectiveness. Re-
sults suggest the contrary: entity blinding seems to help test set performance for ddi
in table 3.6, but shows no statistical significance. Table 3.10 further demonstrates
that using this in conjunction with other techniques results in test score variations
despite being statistically insignificant.

No statistical significance is seen even when the test set result worsens in perfor-
mance for BERT-CLS in table 3.7 where it hurts test set performance on ddi but is
not statistically significant when cross validation is performed.

3.5.8 Result 3: Debunking the effects of common modeling
techniques

In table 3.7, we tested the generalizability of the commonly used piecewise pooling
technique proposed in [323], a variant of which was applied in the model by Luo
et al. for i2b2. We also tested the improvements offered by different featurizations of
contextualized embeddings, which had not been explored much for relation extraction
at the time of publication.

Modeling
Dataset semeval ddi i2b2

Class Detect Class Detect

CRCNN 81.55 65.53 81.74 59.75 83.17
80.85 (1.31) 82.23 (0.32) 88.40 (0.48) 70.10 (0.85) 86.45 (0.58)

Piecewise pool 81.59 63.01 80.62 60.85 83.69
80.55 (0.99)• 81.99 (0.38)• 88.47 (0.48)• 73.79 (0.97) 89.29 (0.61)

BERT-tokens 85.67 71.97 86.53 63.11 84.91
85.63 (0.83) 85.35 (0.53) 90.70 (0.46) 72.06 (1.36) 87.57 (0.75)

BERT-CLS 82.42 61.3 79.63 56.79 81.91
80.83 (1.18)• 82.71 (0.68)• 88.35 (0.77)• 67.37 (1.08) 85.43 (0.36)

ELMo 85.89 66.63 83.05 63.18 84.54
84.79 (1.08) 84.53 (0.96) 90.11 (0.56) 72.53 (0.80) 87.81 (0.34)

Table 3.7: Modeling techniques with original preprocessing. Test set results at the top with cross
validated results (average with standard deviation) below. All cross validated results are statistically
significant compared to CRCNN model (𝑝 < 0.05) using a paired t-test except those marked with a
•. In terms of statistical significance, comparing contextualized embeddings with each other reveals
that BERT-tokens is equivalent to ELMo for i2b2, but for semeval BERT-tokens is better than
ELMo and for ddi BERT-tokens is better than ELMo only for detection.
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Modeling changes were applied with the original pre-processing technique for the
CRCNN model with default hyperparameters for semeval and manual hyperparam-
eters for the medical datasets. All comparisons are performed with the baseline
performance of the CRCNN model.

Piecewise pooling is not a generalizable technique

While piecewise pooling helps i2b2 by 1%, it hurts test set performance on ddi and
doesn’t affect performance on semeval. It may be intuitive to split pooling by entity
location, but this technique is not experimentally found to be generalizable to other
datasets.

Contextualized embeddings should be featurized correctly in CNN models

Contextualized embeddings generally boost performance, but they should be concate-
nated with the word embeddings before the convolution stage. ELMo and BERT-
tokens boosted performance significantly for all datasets, but BERT-CLS hurt perfor-
mance for the medical datasets. While BERT-CLS boosted test set performance for
semeval, this was not found to be a statistically significant difference for cross vali-
dation. Note that ELMo was featurized similarly to BERT-tokens and featurization
details are present in section 3.5.3.

This indicates that the technique of featurizing the contextualized embeddings
matters for a CNN architecture. Concatenating the contextualized embeddings with
the word embeddings keeps a tighter coupling, which is helpful for relation extraction
where the word level associations are essential in predicting the relation type.

3.5.9 Result 4: Exploring different hyperparameter tuning
methods

Bergstra and Bengio [21] show the superiority of random search over grid search in
terms of faster convergence, but leave to future work automating the procedure of
manual tuning, i.e., sequential optimization. Bayesian optimization strategies [273]
could help with this but often require expert knowledge for correct application. We
tested how manual tuning, requiring less expert knowledge than Bayesian optimiza-
tion, would compare to the random search strategy in table 3.8.

Manual search outperformed random search

Tables in appendix C demonstrate that random search reduces the variability of
results and converges to better performance than the default hyperparameters. Ad-
ditionally, manual search outperformed random search for both i2b2 and ddi corpus.
Both methods present different challenges for barrier of entry.

Manual search is often criticized for the high barrier of entry [21]. Knowledge
about which hyperparameters are more important in specific contexts can make this
search faster and provide improved results. Our proposed two-pass method helps in
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Hyperparam Tuning
Dataset semeval ddi i2b2

Class Detect Class Detect

Default 81.55 62.55 80.29 55.15 81.98
80.85 (1.31) 81.62 (1.35) 87.76 (1.03) 67.28 (1.83) 86.57 (0.58)

Manual Search - 65.53 81.74 59.75 83.17
82.23 (0.32)• 88.40 (0.48)• 70.10 (0.85) 86.45 (0.58)•

Random Search 82.2 62.29 79.04 55.0 80.77
81.10 (1.26)• 75.43 (1.48) 83.54 (0.60) 60.66 (1.43) 82.73 (0.49)

Table 3.8: Hyperparameter tuning methods with original preprocessing and fixed CRCNN model.
Test set results at the top with cross validated results (average with standard deviation) below. All
cross validated results are statistically significant compared to Default with 𝑝 < 0.05 except those
marked with a •. Note that hyperparameter tuning can involve much higher performance variation
depending on the distribution of the data. Therefore, even though there is no statistical significance
in the manual search case for the held out fold in the ddi dataset, there was statistical significance
for the dev fold which drove those set of hyperparameters. For both ddi and i2b2 datasets, manual
search is better than random search with 𝑝 < 0.05.

developing intuition on the important hyperparameters by changing each hyperpa-
rameter in isolation to test the statistical significance of the performance difference.
By further changing the narrow list of hyperparameters found from the first pass,
convergence to better results is found in the second pass.

Random search, on the other hand, can be complicated because one needs to pick
the right distributions for the hyperparameters and the right search space. A larger
search space and sub-optimal distributions run into the possibility of running too
many experiments in a hyperparameter space leading to lower performance. Ideally,
random search should run enough experiments in the vicinity of the global maxima
to converge to it faster. Additional findings related to result distributions for random
search is present in appendix C.

3.5.10 Result 5: Comparison to state of the art methods

In order to compare results with state-of-the-art results for each dataset at the time
of publication, we ran additional experiments to test combinations of techniques from
the previous results sections that showed the most improvements. These are listed in
tables 3.9 and 3.10.

The best classification test set results found are listed in table 3.11. Note that we
do not compare the extraction task for datasets other than ddi because the official
challenges only compared classification results. Even though the official challenge
did not rank models based on the detection task, several papers in the ddi literature
mention these results.

We report results in table 3.11 to perform a comparison to state-of-the-art ap-
proaches consistent with the current method, and show why this leads to unfair com-
parisons. This is not only because of the problem of split bias highlighted in section
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Technique
Task Classification Detection

E + ent 70.46 86.17
77.70(1.26) 89.36 (0.50)

B + ent 70.56 85.66
76.72 (1.04) 88.63 (0.33)

E + piece + ent 70.62 86.14
79.41 (0.53) 90.37 (0.44)

B + piece + ent 71.01 86.26
79.51 (1.09) 90.34 (0.53)

piece + ent 69.73 85.44
78.12 (1.10) 89.74 (0.44)

E + piece 63.19 84.92
74.76 (0.68) 89.90 (0.37)

B + piece 63.23 85.45
74.67 (0.89) 89.61 (0.68)

Table 3.9: Additional experiments for i2b2. E = ELMo, B = BERT-tokens, ent
= entity blinding, piece = piecewise pooling. All results are statistically significant
compared to BERT-tokens and ELMo models respectively from table 3.7 and piece +
ent row is statistically significant compared to piecewise pool model as well as entity
blinding model. These are all statistically significantly better than the CRCNN model
from table 3.7. All 𝑝 < 0.05.

3.5.7, but also because different models are using different pre-processing techniques,
which are critical sources of variation in results. The issue is more pronounced for
the medical datasets, where omission of ablation studies is common as seen in section
3.3.1.

Wang et al. [297] report a result of 88% on semeval and do not provide any public
source code for replication purposes. Despite being below the state of the art range,
REflex provides the best performing publicly available model for this dataset.

Zheng et al. [337] report the best result on ddi (77.3%) but perform negative
instance filtering, which is a highly specific pre-processing technique that does not
fit with the flexible nature of REflex. This technique also makes the data smaller,
but the paper is unclear about whether they apply this technique to shorten the
test set as well. Unfortunately, the source code is not publicly available to answer
these questions. Additionally, cutting out sentences from the training as well as test
data would make the prediction task a lot easier and impractical to use in real-world
settings due to its highly specific nature.

Zhao et al. [336] already show that negative instance filtering causes a 4.1% im-
provement in test set performance. If our model were to use this pre-processing
technique, it would reach the state-of-the-art range in the classification task. On the
other hand, the detection results outperform this model by 2.53%.

Sahu et al. [262] (code unavailable) report a state of the art result of 71.16% on
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Technique
Task Classification Detection

E + ent 68.69 83.72
86.25 (1.54) 91.35 (0.90)

B + ent 70.66 85.35
85.79 (1.54) 91.26 (0.63)

Table 3.10: Additional experiments for ddi. E = ELMo, B = BERT-tokens, ent =
entity blinding. Results are not statistically significant compared to BERT-tokens
and ELMo models respectively from table 3.7 and not from each other either.

Dataset Result Technique
semeval 85.89 ELMo
ddi 71.97, 86.53 BERT-tokens
i2b2 71.01 BERT-tokens + piece + ent

Table 3.11: Best test set classification results for all datasets, except ddi where
detection results are mentioned after the classification results. piece = Piecewise
pooling, ent = entity blinding. Result corresponds to F1 scores, macro for semeval
and ddi, but micro for i2b2.

i2b2, which the results in table 3.11 are able to match. Note that [257] report a
result of 73.7% with a support vector machine, but they used a larger version of the
dataset. After the official challenge, only a subset of the data was publicly available,
so comparing against this number would not be fair.

Comparison against these numbers demonstrates that REflex is the only open-
source framework, capable of achieving performance in the state of the art ranges for
all 3 datasets we evaluate on. Therefore, REflex can be used as a strong baseline
model in future relation extraction studies.

3.6 Conclusion
Towards the goal of advancing the state-of-the art in Machine Learning (ML) for
health, reproducibility is a key component in allowing for compounding and trans-
parent scientific improvements. Chapter 2 touched on advancing reproducibility for
ML models developed on electronic health records by introducing the MIMIC-Extract
framework. In this chapter, we dive deeper into the natural language processing
(NLP) subfield of relation extraction, commonly applied in the medical domain to-
wards automated knowledge base generation and natural language understanding.

We perform a detailed quantitative literature review to showcase the extent of the
reproducibility crisis in relation extraction. We find a lack of consensus on general-
izable techniques in the field, making it difficult to perform systematic comparisons
of methods and determining the true sources of performance gains to use for future
works in the field. To support reproducibility for future research in relation extrac-
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tion, we introduce REflex, a unifying framework that we apply on three highly used
datasets from the general, biomedical and clinical domains with the ability to be ex-
tendable to new datasets. Our key findings reveal that: 1) Pre-processing can have
a strong effect on performance, sometimes more than modeling techniques, as is the
case for the i2b2 dataset. The use of external knowledge in the form of concept
types is highly beneficial, perhaps revealing semantic information that is helpful for
better predictions. 2) Reporting on one test set score, as is commonly done in the
literature, can be problematic due to split bias, and a cross validation approach with
significance tests may help ease this issue. 3) Contextualized embeddings are gen-
erally helpful, but selecting the right featurizing technique is important depending
on the model used. For convolutional neural network (CNN) models, concatenating
them with the word embeddings prior to convolution is most beneficial. 4) Selecting
the right hyperparameters for a dataset is highly impactful to performance. We sug-
gest an initial manual hyperparameter search based on cross validation significance
tests for those who are pressed for time. Random search is a reasonable automated
option, but requires more experience for picking the right search space and the right
distributions for the hyperparameters.

Through our study, the most surprising and unreported ablation study showcased
the drastic effects of pre-processing in the biomedical and medical domains, with
the entity blinding technique based on external knowledge to be causing close to 9%
improvement in the micro-F1 score for the i2b2 dataset, and close to 2% for the
macro-F1 score with the ddi dataset. In task challenges, these numbers can be the
distinction between a winning system versus other contributed systems. In the clinical
setting, the higher accuracy of relation extraction can have great impacts on efforts
in automated knowledge base generation, search or natural language understanding.

Though the results of our study are based on task-specific models around the ad-
vent of the Bidirectional Encoder Representations from Transformers (BERT) [64] pa-
per, our recommendations associated with the importance of good pre-processing and
generalizing evaluation metrics reporting beyond limited data splits remain relevant
and useful. Particularly, as the field moves towards task-agnostic and higher capacity
models, the importance of data quality and pre-processing will remain paramount.
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Handling low-label and multi-modal
scenarios
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Chapter 4

Multimodal representation learning
for disease severity prediction

Abstract

In this thesis, we focus on methods that leverage clinical structure to improve repre-
sentation learning capabilities in machine learning for health. This chapter highlights
a work [41] focused on developing methods that take advantage of the rich semantic
information in radiology reports to support medical vision model capabilities.

Tackling the disease severity classification task requires deep semantic understand-
ing of the underlying data distribution. Our work focuses on pulmonary edema sever-
ity quantification, a crucial step towards effective management of patient fluid status
for acute congestive heart failure (CHF) patients. While large publicly available
datasets of chest radiographs and free-text radiology reports exist, only limited labels
are present due to 1) expensive and time consuming annotation efforts and 2) bronze-
standard labels based on keyword matching from radiology reports. This forms a
significant challenge in learning accurate models for image classification.

We propose and demonstrate a novel machine learning algorithm at the time
of publication, that assesses pulmonary edema severity from chest radiographs, while
taking advantage of the rich information present in the radiology reports. We develop
a neural network model that is pre-trained on both images and free-text to infer
pulmonary edema severity directly from chest radiographs, using contrastive learning.
Our experimental results suggest that the joint image-text representation learning
improves the performance of pulmonary edema assessment by an average of 10%
AUC, when comparing with a supervised model trained on images only. We also
show the benefits of using text to explain the image classification by the joint model.
At the time of publication, our approach was the first to leverage free-text radiology
reports for improving the image model performance in this application. Our code1

and disease severity labels [170] are available for public use.

1https://github.com/RayRuizhiLiao/joint_chestxray
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4.1 Introduction
Medicine is inherently multimodal. Clinicians provide thorough care by inspecting
data from a variety of modalities such as clinical notes, laboratory tests, vital signs and
observations, medical images, and more. Similar to choices made in clinical practice
[54, 221, 66], models that are able to leverage the multi-modal structure of clinical
data can take advantage of multiple views of the same patient for comprehensively
assessing their condition.

This chapter focuses on the assessment of pulmonary edema disease severity. Pul-
monary edema is the most common reason patients with acute congestive heart fail-
ure (CHF) seek care in hospitals [89, 121, 2]. The treatment success in acute CHF
cases depends crucially on effective management of patient fluid status, which in turn
requires pulmonary edema quantification, rather than detection of its mere absence
or presence. This quantification takes the form of a numeric assessment of the degree
of pulmonary edema, ranging from 0 (absent) to 3 (severe), as seen in Section 4.4.1.

Chest radiographs are commonly acquired to assess pulmonary edema in routine
clinical practice. Radiology reports capture radiologists’ impressions of the edema
severity in the form of unstructured text. Reports often contain mentions of radio-
graphic findings which could be associated with confounding disease processes, and
there also remains a lack of standardized reporting of edema quantification. While the
chest radiographs in theory possess ground-truth information about the disease, man-
ually labeling them is often a complex and time intensive (and therefore expensive)
task. Therefore, labels extracted from reports are used as a proxy for ground-truth
image labels. Only limited numerical edema severity labels can be extracted from
the reports, which limits the amount of labeled image data we can learn from. These
challenges presents a significant barrier to learning accurate image-based models for
edema assessment.

4.2 Our Contributions
To improve the performance of the image-based model and allow leveraging larger
amounts of training data, we make use of free-text reports to include rich information
about radiographic findings and capture radiologists’ reasoning of pathology assess-
ment. We incorporate free-text information associated with the images by including
them during our training process. Our contributions are as follows:

1. We propose a neural network model that jointly learns from images and free-text
to quantify pulmonary edema severity from images (chest radiographs)

2. We are the first to apply a novel contrastive learning objective towards the
challenge of disease severity prediction via multi-modal representation learning
using chest radiographs and radiology reports

3. Compared to prior work in the image-text domain that fuses image and text
features [19], our approach allows decoupling the two modalities during inference
to construct an accurate image-based model.
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4. Our approach is successfully able to improve upon the image-only baseline by
an AUROC of approximately 10%, bringing our machine learning (ML) for
healthcare approach much closer to what is expected in hospital clinical efficacy.

At training time, the model learns from a large number of chest radiographs and
their associated radiology reports, with a limited number of numerical edema severity
labels. At inference time, the model computes edema severity given the input image.
While the model can also make predictions from reports, our main interest is to
leverage free-text information during training to improve the accuracy of image-based
inference.

4.3 Prior Work
Prior work in assessing pulmonary edema severity from chest radiographs has fo-
cused on using image data only [171]. To the best of our knowledge and at the time
of publication, ours is the first method to leverage the free-text radiology reports for
improving the image model performance in this application. Our experimental results
demonstrate that the joint representation learning framework improves the accuracy
of edema severity estimates over a purely image-based model on a fully labeled subset
of the data (supervised). The joint learning framework uses a ranking-based crite-
rion [104, 44], allowing for training the model on a larger dataset of unlabeled images
and reports.

The ability of neural networks to learn effective feature representations from im-
ages and text has catalyzed the recent surge of interest in joint image-text modeling.
In supervised learning, tasks such as image captioning have leveraged a recurrent vi-
sual attention mechanism using recurrent neural networks (RNNs) to improve caption-
ing performance [310]. TieNet used this attention-based text embedding framework
for pathology detection from chest radiographs [302], which was further improved by
introducing a global topic vector and transfer learning [314]. A similar image-text
embedding setup has been employed for chest radiograph (image) annotations [207].
In unsupervised learning, training a joint global embedding space for visual object
discovery has recently been shown to capture relevant structure [105]. All of these
models used RNNs for encoding text features.

More recently, transformers such as the BERT model [64] have shown the ability
to capture richer contextualized word representations using self-attention and have
advanced the state-of-the-art in nearly every language processing task compared to
variants of RNNs. Our setup, while similar to [302] and [105], uses a series of residual
blocks [110] to encode the image representation and uses the BERT model to encode
the text representation. We use the radiology reports during training only, to improve
the image-based model’s performance. This is in contrast to visual question answer-
ing [10, 186, 8], where inference is performed on an image-text pair, and image/video
captioning [310, 233, 291, 134], where the model generates text from the input image.

Current State of the Field Like many sub-fields of machine learning, there was
an explosion of follow up work in medical vision-language modeling (MVLM). Major
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follow up works to our paper include ConVIRT [334], which formed the basis for the
popular CLIP [247] architecture. The architectures were highly similar to our ap-
proach, with the major distinction offered by the loss function based on the InfoNCE
loss [218]. Following the interest in multi-modal large language models (MLLM),
works such as PALM-E [69] and MedPALM M [289] introduced the multi-modal
learning task as a language generation task by treating the image representations as
a prior. MedPALM M demonstrated strong zero-shot generalization capabilities by
training on paired multi-modal data.

4.4 Dataset
For training and evaluating our model, we use the MIMIC-CXR dataset v2.0 [138],
consisting of 377,110 chest radiographs associated with 227,835 radiology reports.
The data was collected in routine clinical practice, and each report is associated with
one or more images. We limited our study to 247,425 frontal-view radiographs.

4.4.1 Regex Labeling

We extracted pulmonary edema severity labels from the associated radiology reports
using regular expressions (regex) with negation detection [38]. This quantification
takes the form of a numeric assessment of the degree of pulmonary edema, rang-
ing from 0 (absent) to 3 (severe), associated with different radiographic findings.
The keywords of each severity level (“none”=0, “vascular congestion”=1, “interstitial
edema”=2, and “alveolar edema”=3) are summarized in Appendix D. In order to limit
confounding keywords from other disease processes, we limited the label extraction
to patients with congestive heart failure (CHF) based on their ED ICD-9 diagnosis
code in the MIMIC dataset [91]. Cohort selection by diagnosis code for CHF was pre-
viously validated by manual chart review. This resulted in 16,108 radiology reports.
Regex labeling yielded labels for 6,710 reports associated with 6,743 frontal-view im-
ages2. Hence, our dataset includes 247,425 image-text pairs, 6,743 of which are of
CHF patients with edema severity labels. Note that some reports are associated with
more than one image, so one report may appear in more than one image-text pair.

4.5 Methods
Let 𝑥I be a 2D chest radiograph, 𝑥R be the free-text in a radiology report, and
𝑦 ∈ {0, 1, 2, 3} be the corresponding edema severity label. Our dataset includes a
set of 𝑁 image-text pairs X = {x𝑗}𝑁𝑗=1, where x𝑗 = (xI

𝑗, xR
𝑗 ). The first 𝑁L image-

text pairs are annotated with severity labels Y = {y𝑗}𝑁L
𝑗=1. Here we train a joint

model that constructs an image-text embedding space, where an image encoder and
a text encoder are used to extract image features and text features separately (Fig. 4-
1). Two classifiers are trained to classify the severity labels independently from the

2The numbers of images of the four severity levels are 2883, 1511, 1709, and 640 respectively.
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Figure 4-1: The architecture of our joint model, along with an example chest radio-
graph 𝑥I and its associated radiology report 𝑥R. At training time, the model predicts
the edema severity level from images and text through their respective encoders and
classifiers, and compares the predictions with the labels. The joint embedding loss 𝒥E

associates image embeddings I with text embeddings R in the joint embedding space.
At inference time, the image stream and the text stream are decoupled and only the
image stream is used. Given a new chest radiograph (image), the image encoder and
classifier compute its edema severity level.

image features and from the text features. This setup enables us to decouple the
image classification and the text classification at inference time. Learning the two
representations jointly at training time improves the performance of the image model.

4.5.1 Joint Representation Learning

We apply a ranking-based criterion [44, 104] for training the image encoder and the
text encoder parameterized by 𝜃I

E and 𝜃R
E respectively, to learn image and text feature

representations 𝐼(𝑥I; 𝜃I
E) and 𝑅(𝑥R; 𝜃R

E). Specifically, given an image-text pair (xI
𝑗, xR

𝑗 ),
we randomly select an impostor image xI

𝑠(𝑗) and an impostor report xR
𝑠(𝑗) from X. This

selection is generated at the beginning of each training epoch. Map 𝑠(𝑗) produces a
random permutation of {1, 2, ..., 𝑁}.

We encourage the feature representations between a matched pair (I𝑗,R𝑗) to be
“closer" than those between mismatched pairs (I𝑠(𝑗),R𝑗) and (I𝑗,R𝑠(𝑗)) in the joint
embedding space. Direct minimization of the distance between 𝐼 and 𝑅 could end
up pushing the image and text features into a small cluster in the embedding space.
Instead we encourage matched image-text features to be close while spreading out
all feature representations in the embedding space for downstream classification by
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constructing an appropriate loss function:

𝒥E(𝜃
I
E, 𝜃

R
E ; x𝑗, x𝑠(𝑗)) =max(0, Sim(I𝑗,R𝑠(𝑗))− Sim(I𝑗,R𝑗) + 𝜂)

+ max(0, Sim(I𝑠(𝑗),R𝑗)− Sim(I𝑗,R𝑗) + 𝜂), (4.1)

where Sim(·, ·) is the similarity measurement of two feature representations (explained
further in Section 4.5.4) in the joint embedding space and 𝜂 is a margin parameter
that is set to |y𝑗 − y𝑠(𝑗)| when both 𝑗 ⩽ 𝑁L and 𝑠(𝑗) ⩽ 𝑁L; otherwise, 𝜂 = 0.5. The
margin is determined by the difference due to the mismatch, if both labels are known;
otherwise the margin is a constant.

4.5.2 Classification

We employ two fully connected layers (with the same neural network architecture)
on the joint embedding space to assess edema severity from the image and the report
respectively. For simplicity, we treat the problem as multi-class classification, i.e.,
the classifiers’ outputs 𝑦I(I; 𝜃I

C) and 𝑦R(R; 𝜃R
C) are encoded as one-hot 4-dimensional

vectors. We use cross entropy as the loss function for training the classifiers and the
encoders on the labeled data:

𝒥C(𝜃
I
E, 𝜃

R
E , 𝜃

I
C, 𝜃

R
C; x𝑗, y𝑗) =−

3∑︁
𝑖=0

y𝑗𝑖 log 𝑦𝑖̂
I(I𝑗(𝑥I

𝑗; 𝜃
I
E); 𝜃

I
C)

−
3∑︁

𝑖=0

y𝑗𝑖 log 𝑦𝑖̂
R(R𝑗(𝑥

R
𝑗 ; 𝜃

R
E); 𝜃

R
C), (4.2)

i.e., minimizing the cross entropy also affects the encoder parameters.

4.5.3 Loss Function

Combining Eq. (4.1) and Eq. (4.2), we obtain the loss function for training the joint
model:

𝒥 (𝜃I
E, 𝜃

R
E , 𝜃

I
C, 𝜃

R
C;X,Y) =

𝑁∑︁
𝑗=1

𝒥E(𝜃
I
E, 𝜃

R
E ; x𝑗, x𝑠(𝑗)) +

𝑁L∑︁
𝑗=1

𝒥C(𝜃
I
E, 𝜃

R
E , 𝜃

I
C, 𝜃

R
C; x𝑗, y𝑗).

(4.3)

4.5.4 Implementation Details

The image encoder is implemented as a series of residual blocks [110], the text encoder
is a BERT model that uses the beginning [CLS] token’s hidden unit size of 768
and maximum sequence length of 320 [64]. The image encoder is trained from a
random initialization, while the BERT model is fine-tuned during the training of the
joint model. The BERT model parameters are initialized using pre-trained weights
on scientific text [18]. The image features and the text features are represented as
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768-dimensional vectors in the joint embedding space. The two classifiers are both
768-to-4 fully connected layers. The neural network architecture is provided in the
supplementary material.

We employ the stochastic gradient-based optimization procedure AdamW [308]
to minimize the loss in Eq. (4.3) and use a warm-up linear scheduler [292] for the
learning rate. The model is trained on all the image-text pairs by optimizing the first
term in Eq. (4.3) for 10 epochs and then trained on the labeled image-text pairs by
optimizing Eq. (4.3) for 50 epochs. The mini-batch size is 4. We use dot product as
the similarity metric in Eq. (4.1). The dataset is split into training and test sets. All
the hyper-parameters are selected based on the results from 5-fold cross validation
within the training set.

4.6 Experimental Results

4.6.1 Data Preprocessing

The size of the chest radiographs varies and is around 3000×3000 pixels. We randomly
translate and rotate the images on the fly during training and crop them to 2048×2048
pixels as part of data augmentation. We maintain the original image resolution to
capture the subtle differences in the images between different levels of pulmonary
edema severity. For the radiology reports, we extract the impressions, findings, con-
clusion and recommendation sections. If none of these sections are present in the
report, we use the final report section. We perform tokenization of the text using
ScispaCy [214] before providing it to the BERT tokenizer.

4.6.2 Expert Labeling

For evaluating our model, we randomly selected 531 labeled image-text pairs (cor-
responding to 485 reports) for expert annotation. A board-certified radiologist and
two domain experts reviewed and corrected the regex labels of the reports. We use
the expert labels for model testing. The overall accuracy of the regex labels (positive
predictive value compared against the expert labels) is 89%. The other 6,212 labeled
image-text pairs and around 240K unlabeled image-text pairs were used for training.
There is no patient overlap between the training set and the test set.

4.6.3 Model Evaluation

We evaluated variants of our model and training regimes as follows:

• image-only: An image-only model with the same architecture as the image
stream in our joint model. We trained the image model in isolation on the
6,212 labeled images.

• A joint image-text model trained on the 6,212 labeled image-text pairs only.
We compare two alternatives to the joint representation learning loss:
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– ranking-dot, ranking-l2, ranking-cosine: the ranking based criterion
in Eq. (4.1) with Sim(𝐼, 𝑅) defined as one of the dot product 𝐼⊤𝑅, the
reciprocal of euclidean distance −‖𝐼−𝑅‖, and the cosine similarity 𝐼⊤𝑅

‖𝐼‖.‖𝑅‖ ;

– dot, l2, cosine: direct minimization on the similarity metrics without the
ranking based criterion.

• ranking-dot-semi: A joint image-text model trained on the 6,212 labeled and
the 240K unlabeled image-text pairs in a semi-supervised fashion, using the
ranking based criterion with dot product in Eq. (4.1). Dot product is selected for
the ranking-based loss based on cross-validation experiments on the supervised
data comparing ranking-dot, ranking-l2, ranking-cosine, dot, l2, and cosine.

All reported results are compared against the expert labels in the test set. The
image portion of the joint model is decoupled for testing, and the reported results are
predicted from images only. To optimize the baseline performance, we performed a
separate hyper-parameter search for the image-only model using 5-fold cross valida-
tion (while holding out the test set).

We use the area under the ROC (AUC) and macro-averaged F1-scores (macro-F1)
for our model evaluation. We dichotomize the severity levels and report 3 compar-
isons (0 vs 1,2,3; 0,1 vs 2,3; and 0,1,2 vs 3), since these 4 classes are ordinal (e.g.,
P(severity = 0 or 1) = 𝑦I

0 + 𝑦I
1, P(severity = 2 or 3) = 𝑦I

2 + 𝑦I
3).

4.6.4 Results

Method AUC (0v123) AUC (01v23) AUC (012v3) macro-F1
l2 0.78 0.76 0.83 0.42
ranking-l2 0.77 0.75 0.80 0.43
cosine 0.77 0.75 0.81 0.44
ranking-cosine 0.77 0.72 0.83 0.41
dot 0.65 0.63 0.61 0.15
ranking-dot 0.80 0.78 0.87 0.45

Table 4.1: Performance statistics for all similarity measures.

Method AUC (0v123) AUC (01v23) AUC (012v3) macro-F1
image-only 0.74 0.73 0.78 0.43
ranking-dot 0.80 0.78 0.87 0.45
ranking-dot-semi 0.82 0.81 0.90 0.51

Table 4.2: Performance statistics for the two variants of our joint model and the
baseline image model.

Table 4.1 reports the performance statistics for all similarity measures. The find-
ings are consistent with our cross-validation results: the ranking based criterion offers
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significant improvement when it is combined with the dot product as the similarity
metric.

Table 4.2 reports the performance of the optimized baseline model (image-only)
and two variants of the joint model (ranking-dot and ranking-dot-semi). We
observe that when the joint model learns from the large number of unlabeled image-
text pairs, it achieves the best performance. The unsupervised learning minimizes
the ranking-based loss in Eq. (4.1), which does not depend on availability of labels.

It is not surprising that the model is better at differentiating the severity level 3
than other severity categories, because level 3 has the most distinctive radiographic
features in the images.

[CLS] frontal and lateral radiographs of the chest demonstrates slight
decrease in size of the severely enlarged cardiac sil hou ette . persistent
small bilateral pleural e↵usion s . probable small hi atal hernia . there is
persistent mild pulmonary vascular congestion . clear lungs . no pneum
othorax . decrease in severe enlargement of the cardiac sil hou ette likely
due to decrease in peric ardial e↵usion with persistent small e↵usion s
and pulmonary vascular congestion . no pneumonia [SEP]

[CLS] surgical clips are again present in the right axi ll a . the cardiac ,
mediast inal and hil ar contours appear unchanged . upward tent ing of
the medial right hem idia ph rag m is very similar . there is a persistent
small - to - moderate pleural e↵usion on the right wit and a small number
on the left . fiss ures are mildly thick ened . sub ple ural thickening at
the right lung apex appears stable . there is a new mild interstitial
abnormality including ker ley b lines and peri bro nc hi al cu↵ ing
suggesting mild - to - moderate interstitial pulmonary edema . however
, there is no definite new focal opacity . bony structures are unre mark
able . findings most consistent with pulmonary edema . [SEP]

[CLS] a trache ostomy and left - side d pic c are stable in position .
widespread alveolar op aci ties have increased from are less significant
in extent compared to . this likely reflects a combination of increasing
edema and persistent multif ocal infection . no pleural e↵usion or pneum
othorax is identified . the cardio media sti nal and hil ar contours are
within normal limits . widespread alveolar op aci ties are increased from
the most recent prior exam consistent with increasing edema in the
setting of persistent multif ocal infection . [SEP]

Level 1

Level 2

Level 3

Figure 4-2: Joint model visualization. Top to bottom: (Level 1) The highlight of
the Grad-CAM image is centered around the right hilar region, which is consistent
with findings in pulmonary vascular congestion as shown in the report. (Level 2)
The highlight of the Grad-CAM image is centered around the left hilar region which
shows radiating interstitial markings as confirmed by the report heatmap. (Level
3) Grad-CAM highlights bilateral alveolar opacities radiating out from the hila and
sparing the outer lungs. This pattern is classically described as “batwing" pulmonary
edema mentioned in the report. The report text is presented in the form of sub-word
tokenization performed by the BERT model, starting the report with a [CLS] token
and ending with a [SEP].

4.6.5 Joint Model Visualization

As a by-product, our approach provides the possibility of interpreting model classifica-
tion using text. While a method like Grad-CAM [267] can be used to localize regions
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in the image that are “important" to the model prediction, it does not identify the
relevant characteristics of the radiographs, such as texture. By leveraging the image-
text embedding association, we visualize the heatmap of text attention corresponding
to the last layer of the [CLS] token in the BERT model. This heatmap indicates re-
port tokens that are important to our model prediction. As shown in Fig. 4-2, we use
Grad-CAM [267] to localize relevant image regions and the highlighted words (radio-
graphic findings, anatomical structures, etc.) from the text embedding to explain the
model’s decision making.

4.7 Conclusion
In this chapter, we presented a neural network model that jointly learns from images
and text to assess pulmonary edema severity from chest radiographs. The joint image-
text representation learning framework incorporates the rich information present in
the free-text radiology reports and significantly improves the performance of edema
assessment compared to learning from images alone. Moreover, our experimental
results show that joint representation learning benefits from the large amount of
unlabeled image-text data.

This approach offered the first way in the research community to jointly learn
image and text representations using contrastive learning, and allowed a way to take
advantage of large amount of paired image-text data towards better downstream
classification with fewer labels. Our approach, though innovative, could have several
limitations. The latent image-text representations being contrasted after full process-
ing through the ResNet and BERT models might only offer regularization at a higher
semantic level, whereas clinical findings are often specific, located within small regions
of the image and mentioned in few words inside the radiology report. Works such
as GLoRIA [120] improved on this by introducing contrastive connections at earlier
model layers, but subsequent works in autoregressive multimodal radiology report
generation showcased further improvements in label efficiency and interpretability.
Discussions of such works are covered in Chapter 5.

Medical Vision-Language Modeling (MVLM) since the publishing of our paper has
exploded, with the latest work MedPALM M [289] able to showcase zero-shot general-
ization towards the tasks of medical question answering, radiology report generation,
image interpretation and genomic variant calling.

While the contributions of recent works is impressive, there remains significant
work to be done in directions such as accurate disease progression modeling and val-
idating the factuality of generated reports. Some works have proposed the use of
retrieval augmented generation [161] for improving performance in rare disease sce-
narios [102]. They also discuss challenges such as data privacy, the need for design
of better evaluation metrics for report generation, reduction of hallucinations and
overcoming catastrophic forgetting. Mainly, the adoption of MVLMs in clinical sce-
narios is also dependent on a healthy collaboration between machine learning experts
and clinical stakeholders involving several parameters such as trust, alignment with
clinical needs and ethical deployment [102].
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Chapter 5

Label Efficiency and Interpretability
via autoregressive multi-modal report
generation

Abstract

This thesis investigates methods that take advantage of clinical structure to improve
representation learning capabilities. Following our work in Chapter 4, we improve
upon multi-modal representation learning by tackling challenges associated with label
efficiency and interpretability. This chapter is based on the work [242, 243, 244].

Automated medical image analysis remains a challenging task due to limited avail-
ability of annotated data, whose creation is time-consuming and necessitates expert
knowledge, making fully supervised modeling approaches impractical. Self-supervised
learning techniques such as contrastive learning [41, 334, 286] demonstrated substan-
tial improvements in image representation, but don’t offer direct interpretability for
model decisions. Multi-modal Large Language Models (LLMs) such as [289] have
recently demonstrated zero-shot and language generation capabilities. Encouraging
the model to generate accurate captions during training could enable interpretable
outputs to accompany downstream decisions in radiologist workflows.

In this chapter, we introduce RadTex, a multi-modal autoregressive captioning
approach to learn efficient radiograph representations that require fewer labels for
training compared with image encoders learned via supervised pre-training and con-
trastive learning. To assess downstream task quality, we first pre-train the image
encoder on a captioning objective, and then fine-tune the learned encoder over the
downstream task labels. Though generating quality radiology reports is not a di-
rect objective of this work, we showcase how our pre-training method encourages the
model to capture fine-grained semantics and provide interpretable outputs that align
with clinical workflows. Additionally, we introduce a novel approach for probing our
model with textual prompts, highlighting the potential of bicaptioning pre-training
for delivering interactive models to support radiologist workflows.
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5.1 Introduction

Clinical practice involves a high degree of multi-modality and requires interpretabil-
ity to develop trust in proposed patient assessments. To support automated medical
image analysis, multi-modal representation learning methods have emerged as a new
technique to take advantage of the multiple views of the same patient for compre-
hensive and efficient assessment of their conditions. Contrastive learning approaches,
described in Chapter 4, demonstrated substantial improvements in image representa-
tion quality compared with supervised learning.

Contrastive learning approaches, though powerful, only encode high level seman-
tics due to the similarity induced in later layers of the image and text encoders.
Attempts at improving these limitations were proposed in works such as GLoRIA
[120], but assessing interpretability of these techniques still remained challenging.
Large Language Models (LLMs) have received widespread attention for their zero-
shot capabilities on question-answering, comprehension and reasoning tasks [27, 150].
Generative decoder-only and encoder-decoder models use next token prediction and
masked language modeling tasks to learn complex semantic meaning from unlabeled
training sequences, and scaling these models up to billions of parameters has led to
impressive results [246, 249]. LLMs also demonstrate the ability to encode clinical
knowledge [271], showcasing their usefulness in the healthcare domain.

We hypothesize that using generative token-level modeling to process radiology
reports may encourage fine-grained medical semantics to be encoded, like relations be-
tween pathologies or subregion contents. Though numerous appraoches have adapted
contrastive learning to address this challenge, pretraining with next-token prediction
tasks similar to [320] may allow inherently capturing these semantics.

5.2 Our Contributions

We introduce RadTex, a simple pretraining approach that utilizes bidirectional cap-
tioning (bicaptioning) to learn chest radiograph representations. Bidirectional cap-
tioning refers to pre-training using forward and backward captioning to more accu-
rately capture sentence semantics. Our contributions are as follows:

1. Our framework has significant label-efficient contributions. RadTex pre-training
outperforms ImageNet and in-domain supervised pre-training methods when
fewer than 1000 labeled examples are available. When labeled data is reduced
to 100 examples, decreases of only 0.05 AUC and 0.01 AUPRC are observed.

2. Our analysis into the amount of image-text paired data necessary for pre-
training amounts to at least 100k examples to build transferrable represen-
tations. This has long-term implications for aligned data access.

3. We showcase the competitiveness of bicaptioning pre-training over contrastive
learning, while continuing to beat prior works in the domain on label efficiency.
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4. RadTex is inherently interpretable due to the bicaptioning generation objective
used in pre-training. Minimal modifications are made to generate high-quality
radiology reports, and the clinical efficacy benefits of prompting approaches
using our model are introduced for enhanced radiologist-AI interaction.

5.3 Related Work

Our work is closest to the general domain bicaptioning framework VirTex by Desai and
Johnson [62] who demonstrate improved label efficiency compared with supervised
pre-training and contrastive learning approaches. The domain RadTex and VirTex
operates in is closest to the subfields of medical vision-language modeling (MVLM)
and radiology report generation (RRG).

5.3.1 Medical Vision-Language Modeling

Before self-supervised deep learning approaches were introduced, successful training
of visual backbones such as ResNet and Vision Transformers [110, 68] required large
amounts of annotations. Limited labeled examples and time-consuming annotation
in the medical domain limited progress of such approaches until the release of large-
scale weakly annotated datasets [123, 138] and the development of self-supervised
vision-language modeling.

Work from Chapter 4 [41] effectively encoded radiographs and radiology reports
using a contrastive loss function to pre-train an effective visual encoder. ConVIRT
[334] similarly proposed adapting the InfoNCE loss [218] to vision-language tasks for
learning visual representations. CLIP [247] was directly inspired by ConVIRT, and
quickly became state-of-the-art for representation learning for natural images and
text. CheXzero [286] adapted this technique back to radiology, after replacing the
vision encoder with a vision transformer [68]. Simultaneously, there were efforts to
improve contrastive pre-training by incorporating both local semantics from image
patches and subwords with global representations [120, 296].

Transformer-based [293] encoder-decoder architectures have recently gained atten-
tion in MVLM. Popular approaches in the natural domain [187, 163, 338, 62, 320] have
given way to radiology-specific applications that take advantage of encoder-decoder or
decoder models. Bannur et al. [13] augmented their contrastive learning pre-training
with a transformer decoder, and Yan and Pei [315] used masked language modeling
(MLM) alongside other objectives to train an encoder-decoder but didn’t make di-
rect comparisons with contrastive approaches for MVLP. PRIOR [46] took inspiration
from CoCa [320], but assumed report sentences to be non-sequential & modeled their
reconstruction with a prototype bank of sentences, rather than token-level decoding.

Transformer-decoder based autoregressive models have recently gained popular-
ity [27], and MedPaLM M [289] recently showed impressive results by combining
representations from a vision transformer into the autoregressive text-based objec-
tive. Through their billion parameter model, they demonstrated zero-shot capabilities
across a variety of tasks in language, imaging and genomics.

85



5.3.2 Radiology Report Generation

The task of radiology report generation is inspired by the general domain of im-
age captioning [294, 277], but captioning in the radiology domain is associated with
unique challenges. Radiology reports are typically longer than natural image cap-
tions, and require stronger semantic consistency to clinical concepts. Some authors
have proposed using hybrid retrieval-generation models or templates [169, 231, 73].

Neural text generation, which allows for free-text generation from an image, does
not require retrieval from a bank of templates or existing reports and is a viable alter-
native to contrastive zero-shot classification. Jing et al. [135] and TieNet [302] used
LSTM-based generation, while ℳ2 Trans [204] and R2Gen [45] utilize transformers
to generate relevant clinical reports. Large language models have also been used to
improve report generation, with CvT212DistilGPT2 [217] fine-tuning a distilled LLM
on MIMIC-CXR, and generalist model MedPaLM M demonstrating report generation
with zero- and few-shot prompting [289].

5.4 Methods

RadTex employs the bidirectional captioning (bicaptioning) pre-training approach
similar to the general domain framework by Desai and Johnson [62]. The objective
of our work is to improve medical image representations and simultaneously generate
interpretable radiology reports. Figure 5-1 provides a visual representation of RadTex
capabilities.

Prompted Sentence: Possible small right pleural effusion. 

Prompted Report: Atelectasis at the right lung bases with 
mild pulmonary edema and severe cardiomegaly . 
Cardiomegaly is stable. Consolidation in the left lower 
lobe has worsened on the left . Edema in the right upper 
lobe is more pronounced . Pleural effusions are seen on 
the right than the right. 

Unprompted Report: Left picc line tip is at the level of 
lower svc. Cardiomegaly is mild to moderate to moderate. 
No other relevant change

Ground Truth Radiology Report:
Previous pulmonary edema has 
cleared. Severe cardiomegaly and 
dilation of the hilar and 
peripheral pulmonary vasculature 
has improved. Pleural effusions 
are small if any. No 
pneumothorax. Right PIC line 
ends at the origin of the SVC.

Atelectasis Cardiomegaly Consolidation Edema Pleural Effusion

Classification Output
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Figure 5-1: Overview of RadTex interpretable outputs.

Given an image, RadTex provides predictive classification labels and a detailed
radiology report (I.e., unprompted report). Additionally, RadTex can take advantage
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of prompting capabilities for transformer decoders to provide more accurate expla-
nations in either the sentence or multi-sentence form. The generation mechanism is
flexible, allowing for the output in sentence or full report form.

The full model architecture is presented in Figure 5-2.
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Figure 5-2: Overview of RadTex architecutre, pre-training, classification experiments
and report generation in the Prompted setting. Report generation (right) does not
require any additional training following pre-training. The ResNet50 and Transformer
Decoder are both frozen for downstream tasks.

5.4.1 Pre-training

An image encoder and textual decoder are jointly trained via bidirectional image
captioning. A CXR Image 𝐼 and a paired radiology report 𝑅 are transformed into
sequences. We use ResNet50 [110], denoted 𝜃, to extract visual features from 𝐼 after
which a linear projection is applied to create a sequence of spatial image features 𝑥𝑣𝑖𝑠.
𝑅 is processed via tokenizer 𝜑𝑡𝑜𝑘 into tokens 𝑤 = {𝑤0, ..., 𝑤𝑇+1} where 𝑤𝑖 ∈ 𝐷 I.e.,
the vocabulary of the tokenizer. The entire input sequence is encoded by a learned
word and positional embedding into a text sequence 𝑥𝑡𝑒𝑥𝑡.

Both 𝑥𝑣𝑖𝑠 and 𝑥𝑡𝑒𝑥𝑡 are processed via the transformer decoder, attending to 𝑥𝑡𝑒𝑥𝑡

via masked multi-head self attention and 𝑥𝑣𝑖𝑠 via cross attention. Implementation
for the transformer decoder follows that for VirTex [62]. The transformer decoder
architecture is duplicated for the backward captioning, and weights across both are
not shared. Input sequence masks when predicting the 𝑡-th token 𝑤𝑡 are applied to
𝑤𝑖≥𝑡 and 𝑤𝑖≤𝑡 for forward and backward transformers, respectively. The output from
each of the forward and backward transformers are passed through a shared linear
layer to predict the token-wise log probabilities. We compute cross-entropy loss on
these logits, minimizing negative log-likelihood of selecting the correct tokens.

5.4.2 Explainable Report Generation

The pre-trained model can generate reports up to the maximum sequence length,
and uses autoregressive captioning to iteratively build upon an initial sequence by
adding one token at a time. At each step, token logits are computed using the frozen
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visual encoder and textual decoder, based on the input image 𝐼 and the existing token
sequence. A token is then sampled from the computed logits using a strategy like
nucleus sampling [115], which focuses on generating tokens that are more coherent
and contextually appropriate.

Prior to report generation, a chosen string can be inserted as an additional in-
put to the transformer decoder, conditioning the rest of the generation on the input
string (known as prompting). We refer to the report from the standard generation sce-
nario as the unprompted report. We propose two prompting strategies: 1) Prompted
captioning begins with adding a word or phrase (typically a pathology of interest),
prompting the model to run forward captioning given the starting sequence; and 2)
Iterative Prompted captioning which follows the Prompted procedure to generate a
report, and then treats that report as a prompt for the backward captioning step. The
Iterative Prompted setting allows the ability to generate additional tokens, and might
provide the model with capabilities to more completely detail a particular finding.

5.5 Datasets

5.5.1 Pre-training

MS-COCO [178] is a natural images and paired captions dataset, whose official
2017 split of 118K image-caption pairs are used for pre-training.

MIMIC-CXR [138, 139] contains 377,110 Chest X ray images with paired radiol-
ogy reports and CheXpert pathology labels. For pre-training, Findings and Impres-
sion sections of reports and both frontal and lateral MIMIC-CXR images are used.
Reports are pre-processed to remove references to prior studies in the training and
validation sets (train/val/test: 368,960/2991/5159).

5.5.2 Fine-tuning

CheXpert [123] includes 224,316 chest radiographs from Stanford Hospital. Fol-
lowing the official split, our experiments focus on five competition pathologies: At-
electasis, Cardiomegaly, Consolidation, Edema, and Pleural Effusion.

Pathology9 Liao et al. [172] derived Pathology9 by running the CheXpert labeler
from [123] on the MIMIC-CXR radiology reports [138] to derive 14 pathology labels.
Further, they filtered the dataset to only include 9 of the 14 original pathology labels
with over 100 test examples.

Edema Severity [170] is derived from MIMIC-CXR, grading 7,390 radiographs for
pulmonary edema severity on a 0-3 scale (0: none, 1: vascular congestion, 2: inter-
stitial edema, 3: alveolar edema). While most labels derive from regular expressions
(regex), the test set (𝑛 = 141) uses consensus labels from radiologists. This test set
is unseen during MIMIC-CXR pretraining.
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RSNA Pneumonia [269] comprises approximately 30,000 frontal radiographs from
NIH CXR-8 [301], labeled for pneumonia presence.

COVIDx [227] is an updated version of the multinational COVIDx-CXR3 data
which we use. The dataset contains COVID and non-COVID labels for 30,386 images.
We report on their official, class balanced, 400-image test set, and use 5% of the
training set for validation set, split by patient identifier.

5.6 Results

5.6.1 Result 1: Label Efficiency

In this experiment, we investigate RadTex’s effectiveness towards learning visual rep-
resentations during pre-training and its downstream transfer efficency compared to
other models with the same encoder architecture: randomly initialized ResNet50
[110], or pre-trained with ImageNet (IN-Pretrained) [61] or ChestX-ray14 (CXR14-
Pretrained) [117, 301]. For evaluating these set of experiments, we pre-trained the
model on MIMIC-CXR dataset [138, 139], and fine-tuned on both the Pathology9
[172] and Edema Severity tasks [170], while carefully ensuring that the test sets were
not seen during pre-training.

Figure 5-3: AUC with a varying amount of labeled training images (N) from a) Ede-
maSeverity and b) Pathology9. We compare frozen RadTex to other initializations, as
unfrozen RadTex results were similar. Mean AUC from five trials and 95% confidence
interval is shown. Macro F1 score is reported for EdemaSeverity.

Figure 5-3 compares area under the receiver operating characteristic curve (short-
ened as AUC) [199] for RadTex, CXR14-Pretrained ResNet, IN-Pretrained and Ran-
dom init. All comparisons are for ResNet models pre-trained under different paradigms:
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1) MIMIC-CXR based autoregressive captioning (RadTex where frozen refers to freez-
ing the visual encoder and training the linear projection layer for classification), 2)
CXR14 based supervised pre-training, 3) ImageNet based supervised pre-training
and 4) random initialization. In each experiment, the ResNet models are fine-tuned
on the exact same datasets for fair comparisons over the label efficiency of different
pre-training schemes. We train all models on randomly sampled portions of the down-
stream fine-tuning dataset to investigate the relationship between labeled dataset size
and performance.

For both downstream datasets we consider, RadTex trains visual representations
that transfer to downstream tasks with much better efficiency than other models.
When 1000 or fewer examples are available, RadTex matches or outperforms ImageNet
and CXR14 pre-trained models. Crucially for Pathology9, we found that RadTex
performance on 100 labeled examples (AUC: 0.752) was nearly as good as the top
performing model with 100% labeled data (AUC: 0.801), where ∼100 is a reasonably
sized dataset to ask physicians to annotate.

The major benefit of RadTex is in taking advantage of a multi-view approach
using paired radiographs and reports, reducing the amount of downstream labeled
data necessary for fine-tuning. In settings where the multi-view data is abundantly
available and cheaply collected, the costs of having clinicians labeling downstream
diseases will be significantly reduced, if RadTex is used.

5.6.2 Result 2: Pre-training data necessity

While it is intuitive that pre-training with more examples produces better visual
representations, our next experiment reveals quantitative evidence that justifies the
importance of having sufficient image-text aligned data towards efficient multi-modal
learning. In order to conduct a brief study, we pre-train RadTex on varying fractions
of MIMIC-CXR radiographs and reports, and fine-tune the learned visual encoder
over fewer labels to simulate low-label settings.

Figure 5-4: Averaged Pathology9 AUCs after training on 10K, 1K and 100 down-
stream examples vs. pretraining dataset (MIMIC-CXR) size.

In Figure 5-4, we capture the effect of reducing the size of the pre-training set by
transferring models to 10K, 1K and 100 example downstream fine-tuning on Pathol-
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ogy9. We observe that pre-training with a dataset size 50% of the MIMIC-CXR
corpus degrades downstream AUCs only slightly compared to the full pre-training set
(100 example Pathology9 drops by 0.03 AUC), yet pre-training with smaller datasets
yields significantly worse performance, as the model seems unable to “recover” from
poor initialization. Noting that 50% MIMIC pre-training (∼125k examples) repre-
sents an inflection point in RadTex downstream performance in Figure 5-4, and that
VirTex similarly used a pre-training dataset with 118k examples, we recommend that
a pre-training dataset of at least 100k multi-modal examples be available for those
looking to apply RadTex to additional radiographic modalilities or imaging regions.

5.6.3 Result 3: Comparison to Contrastive Learning

We evaluate the quality of our learned visual encoder on four downstream classifica-
tion tasks: CheXpert, COVIDx, RSNA pneumonia detection and Pulmonary Edema
Severity. All visual encoders are compared in the frozen linear classification setup,
where a randomly initialized linear classification head is added to a pre-trained en-
coder, and only the linear head is trained on available data.

We first showcase the results in Figure 5-5, where RadTex is pre-trained over
MIMIC-CXR and MS-COCO (called RadTex/C+M), and other comparative models
are visual encoders from CheXzero (ViT-B/32) [286], BiomedCLIP (ViT-B/16) [327],
OpenAI’s CLIP model (ResNet50) [247] and ResNet50 which is randomly initialized
(called Supervised) and tuned end-to-end [110]. ViT-B refers to visual transformer
base (ViT-Base) introduced by Dosovitskiy et al. [68] with 12 layers and the suffix
“/16 ” and “/32 ” refers to the patch size of either 16×16 or 32×32 pixels.
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Figure 5-5: Bar plot showing linear classification results. RadTex is competitive
with CheXzero and other methods across multiple downstream classification tasks.
RadTex results are for RadTex/C+M pretraining. Each model’s visual backbone is
frozen and a linear layer is trained in three separate trials. We display mean results
over three random trials.

In this experiment, we were interested in evaluating the quality of the learned
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visual representation by directly comparing the ability to transfer models for down-
stream classification using a learned linear head. CheXzero, initialized from CLIP loss
and pre-trained on MIMIC-CXR, is considered the closest contrastive comparison in
terms of the visual encoder size and pre-training datasets. BiomedCLIP is trained on
a crawled set of 15 million image-text pairs from PubMed and serves as an alternative
data source when in-domain data might be scarce. CLIP is trained on 400 million
image-text pairs and serves as a natural domain baseline. Supervised represents a
randomly initialized ResNet50 trained in a supervised fashion on the available labels
for each task.

Figure 5-5 shows that RadTex outperforms frozen encoder benchmarks in three
out of four tasks, except for the RSNA Pneumonia challenge. Notably, the COVIDx
task involves binary classification on a condition not existing in the pre-training data.
RadTex still achieves the highest score among the pre-trained models, which demon-
strates its generalizability in a zero-shot fashion. While Supervised exceeds perfor-
mance for all frozen visual encoders on COVIDx, an additional end-to-end fine-tuning
experiment for all encoders showcased that RadTex achieves the highest score across
all baselines.

Visual CheXpert AUC (%)
Enc. 1% 10% 100%

Random Init* RN50 71.9±2.6 82.3±3.5 85.0±4.7

C
on

tr
as

ti
ve

OpenAI CLIP RN50 59.8±0.4 72.4±0.6 73.3±0.2

ConVIRT RN50 85.9 86.8 87.3
BiomedCLIP ViT-B 77.2±0.9 82.1±2.6 83.1±0.5

GLoRIA RN50 86.6 87.8 88.1
MGCA RN50 87.6 88.0 88.2
CheXzero ViT-B 88.9±0.6 89.1±0.2 89.0±0.4

C
ap

. VirTex/C+M RN50 86.6±0.8 86.7±0.7 87.3±0.2

RadTex/M RN50 88.4±0.2 89.2±0.5 89.0±0.4

RadTex/C+M RN50 89.2±0.4 89.6±0.1 89.4±0.1

Table 5.1: CheXpert competition linear classification results with variable amounts
of downstream fine-tuning data. Mean±SD AUC across 3 trials presented. Random
initialization is fine-tuned end-to-end, while other models are frozen and only a linear
head is trained. ConVIRT, GLoRIA, and MGCA results from [334], [120], and [296],
respectively. RadTex/C+M (bottom) denotes pretraining on both COCO and MIMIC
CXR datasets.

In addition to comparing the frozen encoder performance for RadTex versus popu-
lar contrastive learning approaches, we assessed the performance of models trained on
limited labeled data as well. In Table 5.1, we additionally perform direct comparisons
against contrastive methods like GLoRIA [120] and MGCA [296] that are based on
ResNet50 encoder like ours. Despite their complex semantic encoding methods taking
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into account cross modal similarity between patches of the images and subwords in
the text, they do not achieve CheXzero’s performance level, which is likely due to the
power of the visual encoders in both cases (CheXzero’s ViT has 88M params whereas
ResNet50 is 24M params only). Despite the limitation of these methods, RadTex’s
ResNet50 is competitive with CheXzero’s ViT, exceeding its performance at all levels
when COCO and MIMIC-CXR are used for pre-training, speaking to the effectiveness
of bidirectional captioning pre-training.

Recently, billion-parameter foundation models have presented a promising avenue
for zero-shot performance across a range of clinical tasks. MedPaLM M [289], reports
few classification results and does not make their code or model weights available.
However, on the CheXpert competition pathologies in the MIMIC-CXR dataset (fur-
ther subset of Pathology9), they report a macro-AUC of 79.09% in Table 2 of their
paper. To the best of our ability, we replicated their classification experiment with
a frozen RadTex encoder, finding a macro-AUC of 84.07%, suggesting that much
smaller domain-specific models may outperform larger, generalist ones in specialized
tasks.

5.6.4 Result 4: Radiology Report Generation Quality

Textual Similarity Clinical Efficacy
BLEU-2 BERTScore† CheXpert CheXbert† RadGraph†

Method macro-F1 Cosine Sim. F1

Random Report Retrieval 0.089 0.213 0.177 0.166 0.048
ℳ2 Trans [204] – 0.227 0.304 0.268 0.110
R2Gen [45] 0.218 0.186 0.276 0.204 0.057
CXR-RePaiR[73] 0.069 0.191 0.256 0.379 0.091
MedPaLM M — — 0.398 — 0.267

RadTex Unprompted 0.100 0.261 0.289 0.259 0.096
RadTex Prompted 0.069 0.262 0.349 0.336 0.098
RadTex Iterative Prompt 0.082 0.271 0.349 0.333 0.112

Table 5.2: Comparison of radiology report captioning techniques on a range of met-
rics. BLEU and BERTScore represent measures of textual similarity, without clinical
awareness. CheXpert macro-F1, CheXbert, and RadGraph F1 scores represent mea-
sures of clinical efficacy. Other model scores are drawn from existing literature, and we
follow their setups as described when comparing RadTex results. †Following [319] and
using only Impression section for ground truth. For BLEU-2 and CheXpert F1 scores,
R2Gen and CXR-RePaiR compare to ground truths with both Findings and Impres-
sion, whileℳ2 Trans uses just Findings. Key: Best Result, Best RadTex Result

Though generating high-quality captions is not a direct goal of our research, Rad-
Tex’s inherent ability to perform radiology report generation provides interpretability
and insight into the representations learned during pre-training. We investigate cap-
tioning in Unprompted, Prompted and Iterative Prompted settings, as described in
Section 5.4.2, with RadTex/C+M pre-training.
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We measure both the textual similarity and clinical efficacy for reporting caption
quality. BLEU-2 [224] and BERTScore [329] are common natural language generation
metrics for syntactic and semantic similarity, but fail to describe the diagnostic accu-
racy of reports. To measure clinical efficacy, we also report CheXpert [123] macro-F1
scores over 14 labeled pathologies, CheXbert [272] embedding cosine similarities be-
tween prediction and ground truth, and RadGraph F1 [129], which converts reports
into knowledge graphs and computes overlap with ground truth.

We generate captions for the 5,159 MIMIC-CXR official test set radiographs.
Table 5.2 compares RadTex to other radiology report generation (RRG) methods:
ℳ2 Trans [57, 204], R2Gen [45] the two top-performing transformer-based methods,
and CXR-RePaiR [73] is cited as a report retrieval technique. Boag et al. [23] noted
that randomly retrieved reports score surprisingly well on these metrics, and these
results are included as a baseline. 82B parameter MedPaLM M is also included as a
baseline, although Tu et al. [289] added the Indication section to model context for
RRG.

In Table 5.2, RadTex Unprompted, which was optimized through ablations for
downstream visual performance, performs comparably to other transformer-based
RRG methods: it falls between performances of R2Gen and ℳ2 Trans on clinical
efficacy metrics, and beats both on the BERTScore textual similarity metric. Through
prompting, RadTex exceeds performance of both transformer-based models on CE
metrics, but still falls well short of generalist model MedPaLM M.

CXR Image Ground Truth RadTex Generated Report

Right port catheter tip ends in the mid
svc. Sternal wires are intact and mid-
line. There are small bilateral pleural ef-
fusions, slightly larger on the left than
on the right. The cardiac silhouette
is moderately enlarged. There is mild
engorgement of the pulmonary vascula-
ture. There has been improvement in
the previously noted pulmonary edema
with minimal residual edema. There is
plate-like atelectasis seen in the left base.
There is no consolidation or pneumoth-
orax. Number. Small bilateral pleural
effusions. Number. Improvement in pul-
monary edema.

Left-sided central venous catheter ter-
minates in the mid svc. Overall car-
diac size is top normal. Aortic knob
is noted. Patient is status post me-
dian sternotomy and intact median ster-
notomy with intact median sternotomy
wires. Mediastinal contours are stable in
appearance. Residual right pleural effu-
sion with airspace opacity seen on the
left is present, likely atelectasis. Atelec-
tasis is seen at the left lung base. No
pneumothorax. If there is a small left
pleural effusion.

Table 5.3: RadTex/C+M captioning on a test-set CXR, comparing radiologist-written
Ground Truth and Unprompted Report. Agreement of generated report with ground
truth is highlighted. Key: GT Agreement GT Disagreement Irrelevant Info

Beyond quantitative evaluations, Table 5.3 presents an example report generated
by RadTex. The unprompted report successfully identified a catheter positioned
in the mid superior vena cava (svc) and a sternotomy. It also accurately detected
pleural effusion on both sides and noted atelectasis while confirming the absence
of pneumothorax. However, it incorrectly determined the side of the catheter and
inaccurately represented the cardiac silhouette. We shade the generated words based
on their agreement with the Ground Truth.

94



5.7 Conclusion
In this chapter, we further improved upon multi-modal contrastive learning ap-
proaches by introducing a bidirectional captioning-based pre-training strategy for
interpretable medical image analysis. RadTex not only yields competitive perfor-
mance against contrastive learning methods, but also exhibits label efficiency and
inherent interpretability in the form of radiology report generation. Additionally, we
introduce a flexible prompting mechanism for pathologies of interest, demonstrating
its potential in improving clinical efficacy.

Traditional contrastive learning approaches primarily capture high-level global se-
mantics of images and text, missing fine-grained understanding needed for diagnostic
tasks [296]. RadTex uses an autoregressive captioning objective which encourages
cross attention between tokens in the report and the image representation, which
could more effectively utilize the dense semantics in the image and text data necessary
for effective diagnostics. This could be observed from RadTex’s superior performance
on COVIDx and EdemaSeverity tasks. The COVID-19 virus and its symptoms were
identified three years after MIMIC-CXR was released [138] (the pre-training data for
RadTex), and it is possible that the high performance of RadTex on COVIDx dataset
can be attributed to its superior encoding of radiographic findings irrespective of the
disease type. On the EdemaSeverity task, radiologists consider the differentiation
between vascular congestion (level 1) and interstitial edema (level 2) as more chal-
lenging compared with the differentiation between interstitial (level 2) and alveolar
edema (level 3). We believe RadTex’s strong differentiation of the former further
strengthens the hypothesis of our approach being beneficial towards capturing the
fine-grained semantics of radiographic findings in the images.

Our work offers a step in improvement of Medical Vision-Language Modeling
(MVLM). In Chapter 4, we introduced the first technique in the research commu-
nity to jointly learn image and text representations using contrastive learning, which
offered encoding high-level semantic similarities in the modalities. This chapter fur-
ther improved upon contrastive learning techniques through improved encoding of
radiographic findings, offering label efficiency and interpretability as advantages. We
also showcased how smaller, more specialized models like ours can offer improved
performance compared to more generalist models created for zero-shot classification.

Future work can be inspired by the comparison of our domain-specific model to a
larger general domain one such as MedPaLM M [289], and move towards model spar-
sity in larger general domain models [98]. Retrieval augmented generation (RAG)
[161] is another aspect of research that can benefit the more accurate generation of
radiology reports and mitigate hallucination issues. Another key finding of our work
was around the necessity of significant amount of image-text paired data (100k+) to
train multi-modal approaches. Data is currency for machine learning model devel-
opment; and there needs to be a careful balance between regulation, accurate model
training, data privacy and clinical utility for the adoption of MVLM approaches [102].
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Part III

Mitigating privacy leakage
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Chapter 6

Differentially Private pre-training of
language model-like approaches

Abstract

This thesis describes methods that leverage structure towards improved clinical de-
cisions and artificial intelligence (AI) safety in the form of data privacy. While data
becomes currency in machine learning (ML), compliance issues with respect to ac-
cessing sensitive data become paramount. This chapter is based on the work [42],
focusing on differentially private (DP) pre-training of large models.

As we progressed through the structured prediction approaches in this thesis, we
explored themes of robustness and low data availability for inspiring our modeling
decisions. The scaling laws of large language models (LLMs) [148, 114] have shown
the importance of having larger datasets along with increasing model sizes to maintain
strong performance over a variety of tasks. While the necessity of training on larger
datasets increases in ML, so do the regulation and compliance issues needed to access
these datasets. With the interest in public deployment of large pre-trained models,
there is a rising concern for unintended memorization and leakage of sensitive data
points from the training data.

In this chapter, we apply DP pre-training to a large state-of-the art Conformer-
based encoder, and study its performance on a downstream automatic speech recogni-
tion (ASR) task assuming the fine-tuning data is public. This work is the first to apply
DP to self-supervised learning (SSL) for ASR, investigating the DP noise tolerance
and introduces a novel variant of model pruning called gradient-based layer freezing,
that provides strong improvements in privacy-utility-compute trade-offs. The training
set-up we introduce is agnostic to the downstream task, and has important applica-
tions towards the safe and effective deployment of large ML models in sensitive spaces
such as healthcare. We also discuss the challenges of enforcing DP in the ML training
pipeline, and suggest future directions which could enhance deployment efforts in this
space to protect data privacy and safety.
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6.1 Introduction

One of the key findings in Chapter 5 was around the necessity of large amounts of
image-text paired data for training large medical vision language models (MVLMs).
Similar trends around the data hungry nature of large language models (LLMs) have
been observed as the model size is increased to improve performance on downstream
tasks [148, 114]. Popular models are pre-trained on millions or billions of tokens, such
as BERT [64] over 3500 million tokens and GPT-3 [27] over approximately 500 billion
tokens. A popular graphic showcasing the exponential growth of model parameter
size over the years in seen in 6-1. It is known from the scaling laws papers [148, 114]
that efficient training of such models requires equivalent scaling of dataset size.

Figure 6-1: Growth of model parameters as time has passed. Latest state of the art
models are now in the trillion parameter range. Figure borrowed from [258] and based
on [264].

Popular machine learning (ML) models are often released as modifiable check-
points after being pre-trained on vast amount of crawled data. However, it is well-
known that ML models can leak sensitive information about their training dataset,
even when the data is kept private. This has been extensively discussed by works
such as [270, 32, 33, 35] in natural language processing (NLP) and computer vision
(CV) and later extended to the speech domain by [7, 125, 298, 126]. Further, Zhang
et al. [325] studied the influence of rare memorized examples from the training data
over the model predictions and Carlini et al. [34] showed that larger models tend to
have stronger memorization over the training data.

The memorization of training examples presents high risks for sensitive domains
such as healthcare, and breaks compliance with existing laws such as Health Insurance
Portability and Accountability Act of 1996 (HIPAA) [56] in the United States, Gen-
eral Data Protection Regulation (GDPR) [75] in European Union and the California
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Consumer Privacy Act (CCPA) [55].
So far in the thesis, we have focused more on questions surrounding the modeling

assumptions for medical data that is heterogeneous, noisy and consisting of few labels.
An important aspect we have overlooked so far is around the sensitive nature of the
data, after accepting that the de-identification procedure will remove all sensitive
attributes associated with patients. Popular data scrubbing techniques still leave
data vulnerable to linking attacks, as observed by Narayanan and Shmatikov [210]
over de-identified Netflix movie ratings. Boag et al. [25] highlight different scenarios
for huge number of privacy risks in the healthcare space.

Differential Privacy (DP) [70] is one way to combat the privacy leakage issue,
by providing theoretical guarantees about the limits of influence of any individual
training point towards the final model, thereby preventing an attacker from confi-
dently inferring whether any particular sample was used for training. This technique
provides a mathematically provable guarantee of privacy protection against a wide
range of privacy attacks such as differencing, linkage, reconstruction and membership
inference attacks [71].

There are several stages of the model lifecycle at which DP can be applied [235],
and this chapter focuses on applying DP during the model training stage. In this
set-up, the training data is kept private, the model is trained using a noise additive
technique such as DP-SGD [1] and the model can be released publicly along with its
parameter weights. Due to the post-processing property of DP, any modifications to
the released model hold the same theoretical guarantees over the training data. In the
healthcare space, this will be highly beneficial to deployment efforts where the data
must be kept private, and the model is allowed to be released with strong privacy
guarantees as seen in Figure 6-2.

Model 
ready for 
release

Trained Using 
Differential 

Privacy

Post-processing such as 
fine-tuning, continued 

training etc.

Data that is 
kept private

Figure 6-2: Training data is kept private and the model is ready to be publicly released
after differentially private training. Any post-processing to the model maintains the
same theoretical guarantees over the original data. Some reference elements borrowed
from freepik.com and [275].
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In this chapter, we focus on the differentially private pre-training regime and
consider the speech domain in our study. The methods we introduce are universally
applicable to multiple domains, and also have important applications in the healthcare
space. Towards the end of the chapter, we comment on future directions applicable
to healthcare, and also highlight DP as a universal technique to maintain compliance
to important data privacy laws across the globe, making it an important component
of artificial intelligence (AI) safety approaches.

6.1.1 Our Contributions

This chapter explores methods focused on DP pre-training of automatic speech recog-
nition (ASR) encoders for mitigating the privacy leakage from trained encoders. The
contribution of our work is as follows:

1. We are the first to evaluate the DP noise tolerance in the semi-supervised learn-
ing (SSL) setting of a large automatic speech recognition (ASR) encoder model.

2. We introduce a new variant of model pruning called gradient-based layer freezing
where we determine the model layers to freeze from a square of gradient analysis.

3. Collectively, our recommended approach yields strong improvements in utility
(Word Error Rate, i.e., WER in our case), while guaranteeing strong privacy of
𝜖 = 10; compared to our baseline of applying DP with the same 𝜖 without our
modeling improvements. Our approach yields a LibriSpeech test-clean/other
WER (%) of 3.78/8.41 with (10, 1e-9)-DP for extrapolation towards low dataset
scales, and 2.81/5.89 with (10, 7.9e-11)-DP for extrapolation towards high scales.

6.2 Differential Privacy

Differential Privacy (DP) [70] is widely considered a gold standard for bounding and
quantifying the privacy leakage of sensitive data when performing learning tasks.
Intuitively, DP prevents an adversary from confidently making any conclusions about
whether any particular data was used in training a model, even while having access
to the model and arbitrary external side information. The formal definition of DP
depends on the notion of neighboring datasets: we will refer to a pair of datasets
𝐷,𝐷′ ∈ 𝒟 as neighbors if 𝐷′ can be obtained from 𝐷 by adding or removing one data
sample.

Definition 1 ((𝜖, 𝛿)-DP) A (randomized) algorithm 𝒜 : 𝒟 → Θ is (𝜖, 𝛿)-differentially
private if for all pairs of neighboring datasets 𝐷,𝐷′ ∈ 𝒟, and for any 𝑆 ⊆ Θ we have,

𝑃 [𝒜(𝐷) ∈ 𝑆] ≤ exp(𝜖) · 𝑃 [𝒜(𝐷′) ∈ 𝑆] + 𝛿. (6.1)
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6.2.1 Practical considerations for DP

Typical recommendations for 𝜖 and 𝛿 are to be as small as possible, as 𝜖 is the
multiplicative factor between the probabilities of the two neighboring datasets and 𝛿 is
the additive scalar which controls the strength of the relaxation from the stricter 𝜖-DP
definition [70]. The general recommendation in the literature is to choose 𝛿 ≪ 1

𝑛
where

𝑛 is the number of records in the dataset [71]. Ponomareva et al. [235] recommend
different tiers for 𝜖 values going from strong formal guarantees to reasonable and weak
guarantees, where Tier1 := 𝜖 ≤ 1, Tier2 := 𝜖 ≤ 10 and Tier 3 := 𝜖 > 10.

Differential Privacy also satisfies 2 important properties known as composition
and invariance to post-processing [235, 71]. Sequential composition deals with the
scenario of applying multiple DP mechanisms to the same dataset, allowing for ac-
cumulation of the 𝜖 and 𝛿 of each mechanism. Parallel composition assumes that
the dataset is partitioned into mutually disjoint subsets upon which each mechanism
is applied and the combined mechanism holds a maximum of each of the consid-
ered 𝜖 and 𝛿. Finally, the invariance to post-processing property guarantees that any
data-idependent transformation to a DP mechanism is guaranteed to remain differ-
entially private with the same privacy guarantees. The sequential composition and
invarariance to post-processing properties are pivotal to differentially private training
of neural networks, from the use of differentially private gradients in each iteration,
updating the model based on DP gradients and continuing this process for a fixed
number of training steps [235].

6.2.2 Training models with DP

Typically, differentially private training is performed using variants of Differentially
Private Stochastic Gradient Descent (DP-SGD) [1], where the main distinctions from
non-private training are the clipping of per-example gradients and the addition of
spherical Gaussian noise, as illustrated (for our ASR pre-training scenario) by Fig-
ure 6-3. Note that the magnitude of Gaussian noise (called noise multiplier) is directly
correlated with the value of 𝜖, calculated using the chosen privacy accounting tech-
nique such as the one by Abadi et al. [1]. This is implemented as a modification to the
gradient computation during the optimization step by computing per-example gradi-
ents [278], clipping to limit their per-sample sensitivity, and the addition of calibrated
Gaussian noise. Therefore, DP training is relatively independent of the exact choice
of optimizer. For our experiments, we rely on the Adam optimizer with DP modifi-
cations for example-level DP. Training with DP incurs several challenges as a result
of clipping and addition of noise, commonly characterized as privacy-utility-compute
trade-offs (truncated as trade-offs in this chapter).

One challenge associated with DP training is the stringent trade-offs for training
large models. A straightforward technique to increase privacy is adding more noise,
but that negatively affects the model performance or utility. One method to mitigate
this is to increase batch size [145, 228], but this comes at the cost of increasing
compute which can be expensive. Recently, works in language modeling and vision
have demonstrated the utility of their DP methods being close to their non-private
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Figure 6-3: The Differentially Private pre-training method for ASR encoder involving
clipping per-example gradients from the minibatch, and addition of calibrated gaus-
sian noise. Gradients with norms below clip value are not clipped, as shown above.
Once private pre-training of the ASR encoder is done, fine-tuning is done publicly
after attaching an ASR decoder and using CTC loss [99, 96]

baselines [318, 28]. Most works are focused on improving trade-offs for the fine-tuning
regime, with positive effects seen for parameter efficient techniques such as LoRA [118]
that mitigate the issue of growing magnitude of DP noise as the model size increases
[14, 318].

This chapter is focused on DP during the pre-training regime (see Figure 6-3),
where the challenges associated with adding larger DP noise as a result of large
model sizes for full model training remain. Recently, a work in language modeling
has successfully reduced the gap between private DP pre-training and the non-private
baseline through the use of private tokenization and higher compute [234]. More
recently, Pelikan et al. [228] discuss improving trade-offs in the setting of DP Federated
Learning (FL) in ASR by using per-layer clipping [198].

6.3 Related Works

Many works [14, 145, 167] have shown that the trade-offs are substantial for training
large neural networks with state-of-the-art techniques like DP-SGD [14, 1]. Conse-
quently, there has been work [1, 9, 152, 59] on pre-training using public data for
improving the utility of DP-SGD. A recent work [228] has considered DP training
for ASR models, but focusing on the Federated Learning (FL) regime. Additionally,
many works [166, 318, 28] have focused on privately fine-tuning neural networks (fo-
cusing largely on vision and language models (LMs)) after pre-training using public
data to improve the trade-offs for DP-SGD. While it is common in literature to treat
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pre-training data as public, modern large model pre-training can involve sensitive
data that is susceptible to be memorized and potentially leaked. There is only one
recent work [234] that studies DP pre-training for LMs, and demonstrates that such
models can be fine-tuned to high accuracies on downstream tasks. Related to modifi-
cations on bounding sensitivity within a training step, [303] have considered the role
of gradient clipping and suggest model pruning as a strategy to improve the trade-offs.

6.4 Datasets

LibriLight (LL) Containing over 60k hours of audio derived from audiobooks, LL
[144] is one of the largest freely-available corpora of speech. We follow the pre-training
scheme defined in the BERT-based Speech pre-Training with Random-projection
Quantizer (BEST-RQ) paper [48], and utilize the “unlab-60k” subset of the dataset
which doesn’t contain alignment to the language transcriptions. Only small versions
of the dataset (around 10 hours) are aligned with transcriptions using a phonemizer1

so do not count as gold standard.

LibriSpeech (LS) Another dataset of 960 hours of transcribed audio, [222] consists
of several rounds of careful transcription to obtain supervision and is a gold standard
dataset used in various supervised automatic speech recognition (ASR) tasks. For
evaluation, results are reported on both the test-clean and test-other data partitions,
which refer to audiobook recordings without background noise (the ideal scenario)
and those with background noise respectively. Fine-tuning using this dataset also
follows the procedure for BEST-RQ [48].

6.5 Methods

6.5.1 BEST-RQ pre-training method and the ASR task

BERT-based Speech pre-Training with Random-projection Quantizer (BEST-RQ)
[48] is a self-supervised learning (SSL) method that introduces the pre-training and
fine-tuning paradigm to the automatic speech recognition (ASR) task. During the
pre-training stage, the model learns to predict masked speech signals represented
as discrete tokens with a random-projection quantizer. Pre-training involves mask-
ing speech signals and feeding them to the ASR encoder, which learns to predict
the masked region using a masked language modeling (MLM) style loss similar to
the BERT model [64]. Fine-tuning involves attaching an ASR decoder based on an
LSTM transducer [95], supervised training using the aligned transcript and optimiza-
tion using the CTC loss [96].

While BEST-RQ defines a pre-training and fine-tuning paradigm for the ASR task,
the architecture is based on the Conformer [99] model. This defines a convolution-
augmented transformer model whose main building blocks include multi-head self-

1https://gitlab.coml.lscp.ens.fr/mbernard/phonemizer
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attention and convolution modules stacked across many layers (24 in our case). The
Conformer is considered state-of-the-art for ASR tasks, and forms the basis for major
improvements in this direction.

6.5.2 Our Experimental Set-up

For our model, we choose the 300M variant [298] of the state-of-the art ASR model
architecture, Conformer XL [330]. The encoder is pre-trained on LibriLight (LL)
[144] for 1M steps using self-supervised learning via BEST-RQ [48]. Fine-tuning is
done for 60k steps post attaching an additional projection layer on the encoder, using
the LibriSpeech (LS) [222] dataset. Hyperparameter details and model architecture
follow the BEST-RQ paper [48], and official dataset splits were used for training,
validation and hyperparameter tuning. Pre-training takes ∼ 1 week on Dragonfish
TPUs with 8x8 topology, fine-tuning takes ≤ 1 day and original batch size was set at
512.

In this paper, we apply DP to the pre-training stage of our model (with LL),
and assume that the fine-tuning dataset (LS) for the downstream ASR task is public.
Utility is reported as test-clean/other WER on the LS dataset. We use the updated
moments accountant [1, 203] for calculating our privacy guarantees. We report ex-
periments with different DP noise multipliers in the range [1e-4, 1e-2], since we find
that noise multipliers beyond 1e-2 lead to divergence (more details in Section 6.6.1).

Since the trade-offs with large model training can be significant, we follow the ex-
trapolation strategy similar to recent works [145, 228]. We extrapolate the (𝜖, 𝛿)-DP
assuming the training dynamic remains unchanged upon linearly scaling minibatch
size and noise multiplier (to maintain the expected signal-to-noise ratio for the gra-
dient update) along with scaling the dataset size (for improved privacy accounting).
Thus, we experiment with adding different DP noise multipliers and map the value
of 𝜖 using the moments accountant, while the batch size, noise multiplier, and the
pre-training dataset size are scaled up by the same factor as seen in Figure 6-4. We
can see the positive effects of the scale-up factor on 𝜖, thus significantly improving
the privacy guarantees. In table 6.1, we report the precise scale-up factors for noise
multipliers we consider in this paper to achieve a DP of 𝜖 = 10 at 𝛿 = 𝑛−1.1, where 𝑛
is the scaled-up dataset size. Note that according to recent work [235], such a level
of DP can be classified in the “Tier 2: Reasonable privacy guarantees”.

Table 6.1: Extrapolation factor for linearly scaling-up noise multiplier, batch size and
dataset size needed for each used noise multiplier value to get DP 𝜖 = 10 at 𝛿 = 𝑛−1.1,
where 𝑛 is the scaled-up dataset size.

Noise multiplier 1e-4 5e-4 1e-3 5e-3 1e-2

Scale-up 5450 1070 530 105 52
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Figure 6-4: Extrapolating the noise multiplier linearly with batch size and dataset
size to maintain the signal-to-noise ratio and improve privacy accounting.

6.6 Results

In Section 6.6.1, we introduce the baseline of (non-privately) pre-training the BEST-
RQ 300M model. We detail preliminary modeling changes required to comply with
DP training and include an analysis of the amount of DP noise tolerable for min-
imal performance regression of the model. Next, in Section 6.6.2 following [228],
we incorporate per layer clipping for improved utility and noise tolerance. Lastly, we
introduce our gradient-based layer freezing strategy. Our results denote a synergy be-
tween per-layer clipping and our model pruning technique, based on the compounding
improvements we observe in model quality (summary of results in Table 6.3).

6.6.1 Noise tolerance of the BEST-RQ model

We establish non-private baselines for the BEST-RQ 300M model, and analyze the
degree of noise tolerated for minimal utility regression. As is typical for DP training,
we replace batch normalization with group normalization to effectively limit per-
sample contributions and avoid mixing of batch statistics across samples [235]. After
experimentation, we find the best setting of group normalization to have input rank
of 3, number of groups as 1 and group norm epsilon as 1e-4, resulting in a test-
clean/other WER (%) of 2.17/4.23 post fine-tuning on LibriSpeech.

Then, we experiment with choices for per-example clipping bounds, and find the
bound 1.5 to be clipping almost all samples during training while providing minimal
loss in performance, resulting in a WER of 2.21/4.29. We refer to this as the non-
private lower bound result. Thus, the non-private baseline we report for BEST-RQ
consists of group normalization and per-example clipping, to offer a direct comparison
to the level of additive noise in our experiments. Our results for the non-private
baseline, and for differing level of DP noise are reported in Table 6.2.

Note that the performance of the model with fine-tuning from random initializa-
tion (no pre-training) is a WER of 4.43/ 11.23, which is the upper bound for effectively
measuring the positive effects of pre-training. We refer to this result as the no pre-
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Table 6.2: Noise tolerance of the BEST-RQ 300M model. Our no pre-train upper
bound is WER of 4.43/11.23. Above noise multiplier 1e-2, the model diverges into
WER of 100.

Noise multiplier test-clean/other WER

0 2.21/4.29

1e-4 2.24/4.51

5e-4 2.57/5.98

1e-3 3.54/8.31

5e-3 10.98/22.62

1e-2 15.38/29.62

train upper bound, which is effectively the same as not applying BEST-RQ style
pre-training to ConformerXL and just doing supervised training on the Librispeech
dataset. As can be seen from Table 6.2, we start seeing significant regressions (greater
than 10% relative) for noise multiplier 5e-4, where the standard extrapolation tech-
nique achieves DP 𝜖 = 10 only at a practically prohibitive scale-up factor of 1070
(Table 6.1). For reference, extrapolation factor for DP 𝜖 = 10 from noise multiplier
1e-2 is as low as 52, though with the current approach we get WER of 15.38/29.62
which is higher than the no pre-train upper bound. Our focus in the rest of the pa-
per is to improve trade-offs for the settings with larger noise multipliers in the range
[5e-4, 1e-2].

6.6.2 Improving the noise tolerance

Recently, there have been increasing efforts towards improving trade-offs associated
with DP training and we consider these efforts heavily in our experimentation. Ganesh
et al. [83] show the importance of public pre-training for private model training,
especially with an in-domain public checkpoint. Pelikan et al. [228] revive per-layer
clipping and show improvements for DP in the supervised training setting of FL for
ASR. A couple of recent works [192, 303] have shed light on the benefits of model
pruning for DP training, by minimizing the negative effects of compounding noise
affected by the model dimensionality. Thus, in order to bridge the utility gap with
the non-private pre-trained baseline, we consider the following three improvements:
warm-starting (WS) using public data, per-layer clipping, and our novel method of
gradient-based layer freezing. Table 6.3 summarizes the compounding improvements
on the three considered techniques.
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Table 6.3: Final noise tolerance WERs for BEST-RQ 300M model with our considered
improvements. If we observe divergence (mainly for higher noise multipliers), we
report results on fine-tuning with an early 200k step pre-trained checkpoint instead.

Noise Public WS +PerLayerClip +LayerFreeze

5e-4 3.82/7.65 2.78/5.9 2.67/5.74

1e-3 4.03/8.62 2.85/6.02 2.81/5.89

5e-3 6.34/13.88 3.78/8.09 3.19/7.17

1e-2 8.16/17.42 100/100 3.78/8.41

Warm-starting using in-domain public data (Public WS)

For our experiments, in line with prior works [6, 83] on using in-domain public data
for warmstarting DP training, we treat a random 1% partition of the LibriLight
(LL) train dataset as a substitute for a small amount of in-domain public data being
available. Further, for improved trade-offs, we conduct the DP pre-training on the
entire LL train dataset (i.e., samples in the 1% public partition are incorporated
into the private training dataset, providing a marginal improvement in the privacy
accounting). Fine-tuning with LibriSpeech (LS) after only (non-private) pre-training
with 1% LL yields a WER of 3.88/8.94. Note that this is better than our no pre-
train upper bound of 4.43/11.23, but still substantially worse than the non-private
lower bound of 2.21/4.29, validating the assumption about only a small amount on
in-distribution public data being available in practical scenarios.

We present the results with public warmstart in the second column in Table 6.3,
and compared to the random initialization results in Table 6.2, we observe a slight
regression for smaller noise multipliers {5e-4, 1e-3}, whereas a significant improvement
for the higher noise multipliers {5e-3, 1e-2}.

Per-layer clipping

There are two commonly-used variants of per-layer clipping [198, 228], denoted by the
uniform variant (which splits the clipping bound equally amongst all layers), and the
dim variant (which splits the clipping bound proportional to each layer’s dimension).
We conducted experiments using both the variants, and but found the dim variant
to be outperforming the uniform one (similar to results seen in [228]).

We present the results for adding per-layer clipping for DP pre-training, post
public warmstarting, in the third column in Table 6.3. While we observed the model
diverging for the highest noise multiplier of 1e-2, we notice significant improvements
in model quality for all other considered values of noise multiplier, corroborating the
observation in [228] regarding the usefulness of per-layer clipping in the ASR domain.
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Gradient-based layer freezing (LayerFreeze)

For reducing the dimensionality of DP training, some recent works [192, 303] pro-
pose starting from a pruned model that is initialized from a publicly pre-trained
checkpoint. In this work, we devise a novel one-shot variant of model pruning called
Gradient-based Layer Freezing (Algorithm 1), where instead of removing or freez-
ing individual parameters based on their magnitudes, we freeze them layer-wise based
on the normalized squared ℓ2 norm of their gradients observed throughout the pub-
lic warmstarting phase. After this operation, we continue DP pre-training with the
pruned model and entire LL dataset.

Algorithm 1 Gradient-based Layer Freezing (LayerFreeze)
Input : Model 𝐹 with params 𝜃 ∈ R𝑀 , num layers {𝑖}𝐿𝑖=1, Loss fn ℒ(𝜃) over minibatch, Num
iterations 𝑇 , Optimizer opt, Grad update() fn, total params per layer dim () fn, top params
𝑝%, freeze_top_layers whether to freeze top layers or the rest

1: uo ← 0 ◁ Init sq grad vector with 𝑀 dim
2: for 𝑡 ∈ [𝑇 ] do
3: gt ← ∇𝜃𝑡ℒ(𝜃𝑡)
4: ut ← ut−1 + g2

t ◁ Accumulate sq grad
5: 𝜃𝑡 ← update(opt,gt, 𝜃𝑡−1)

6: for 𝑖 ∈ [𝐿] do
7: glayeri ←

∑︀
param∈𝑖 uT[param]/dim(𝑖)

8: 𝑡𝑜𝑝_𝑝𝑎𝑟 ← 𝑝 ·𝑀 ◁ Top num of params
9: 𝑡𝑜𝑝_𝑙𝑎𝑦𝑒𝑟𝑠← [ ]

10: for 𝑙𝑎𝑦𝑒𝑟𝑖,_ in sorted (enumerate (glayer)) do
11: if

∑︀
dim(𝑡𝑜𝑝_𝑙𝑎𝑦𝑒𝑟𝑠+ [𝑙𝑎𝑦𝑒𝑟𝑖]) ≤ 𝑡𝑜𝑝_𝑝𝑎𝑟 then

12: 𝑡𝑜𝑝_𝑙𝑎𝑦𝑒𝑟𝑠.𝑎𝑝𝑝𝑒𝑛𝑑(𝑙𝑎𝑦𝑒𝑟𝑖)

13: else 𝑏𝑟𝑒𝑎𝑘 ◁ Sort by grad & get layers till cut off 𝑝%
14: if freeze_top_layers is True then
15: 𝑓𝑟_𝑙𝑎𝑦𝑒𝑟𝑠← 𝑡𝑜𝑝_𝑙𝑎𝑦𝑒𝑟𝑠

16: else 𝑓𝑟_𝑙𝑎𝑦𝑒𝑟𝑠← {𝑖}𝐿𝑖=1 − 𝑡𝑜𝑝_𝑙𝑎𝑦𝑒𝑟𝑠

17: return Model 𝐹 with frozen layers 𝑓𝑟_𝑙𝑎𝑦𝑒𝑟𝑠

Once the norms of the per-layer gradients until our public warmstarting check-
point are accumulated, we focus on 𝑝% of the model parameters, consisting of layers
with the highest normalized accumulated squared gradient norm. We perform tun-
ing experiments by freezing layers associated with either these 𝑝% parameter, or the
remaining 1 − 𝑝% parameters. 𝑃 is treated as a hyperparameter, explored in the
range {0.015%, 10%] as seen in Figure 6-5. We consistently find that DP pre-training
benefits from freezing layers with the top 𝑝% parameters, where the best case is when
𝑝 = 1%. We report the results of using LayerFreeze, along with per-layer clipping and
public warmstarting, in the fourth column in Table 6.3. It is important to note that
LayerFreeze provides significant improvements in model quality in all the considered
settings.
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Figure 6-5: Performance from tuning our LayerFreeze with different percentage of
frozen parameters, while keeping the DP noise multiplier constant at 1e-3. Along
x-axis, we use 𝑝 to refer to the % of parameters consisting of layers with the highest
accumulated gradient norms. We run experiments with freezing either the 𝑝% pa-
rameters, or the remaining (1−𝑝)%. Saving on compute, fine-tuning is done using an
early pre-train checkpoint of 200k, assuming that the same conclusions hold for 1M.

In summary, we obtain LibriSpeech WERs of 3.78/8.41 with (10, 1e-9)-DP for Lib-
riLight with an extrapolation factor of 52 (low dataset scaling regime), and 2.81/5.89
with (10, 7.9e-11)-DP for LibriLight with an extrapolation factor of 530 (high dataset
scaling regime).

6.7 Conclusion
We introduce DP to SSL for ASR, and a novel variant of model pruning called
gradient-based layer freezing. Our technique improves the trade-offs for DP ASR pre-
training, over improvements from public warmstarting and per-layer clipping. Over-
all, we demonstrate a DP training method that improves utility significantly while
maintaining robust privacy guarantees under various extrapolation factors. Though
our work provides a way to pre-train ASR encoders with strong DP guarantees, the
extrapolations required to reach those guarantees can be limiting in some practical
regimes. Improving computation trade-offs that we incur for reaching strong DP
guarantees is an interesting direction we leave for future investigation.

DP offers robust privacy guarantees, but has significant challenges in deployment
due to the stark privacy-utility-compute tradeoffs. Existing works have successfully
been able to reduce these tradeoffs for fine-tuning by assuming access to a large public
dataset for pre-training, but our research closes the loop on private model creation by
introducing DP to the pre-training stage. Our work, through the use of gradient-based
layer freezing is able to significantly improve tradeoffs for DP pre-training, but fur-
ther work is necessary to close the gap between non-private and private pre-training.
Interesting directions to be explored in this space include thorough comparisons to
model pruning techniques such as iterative magnitude pruning (IMP) [80]. Improve-
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ments to gradient clipping techniques such as adaptive per-layer clipping [109] can
potentially reduce tradeoffs.

Recent works have opened up a new area of exploration in the space of DP for
Large Language Models (LLMs). Researchers have analyzed specific structured data
leakage from models such as personally identifiable information (PII) [189], and de-
veloped differentially private in-context learning approaches [285]. With the rapid
progress in development of DP approaches for neural networks, several open questions
have emerged along the lines of memorization, leakage and mitigation. However, we
are still far from an easy to communicate language of privacy leakage that can be
understood beyond the circle of privacy experts [25].

Future work in DP should focus on easy to interpret measures for privacy leakage
beyond only 𝜖 and 𝛿 values, and quantify leakage in a structural fashion (e.g. based
on the type of information leaked) as opposed to only a record-level or group-level
measure. In the healthcare space, this would further reduce the gap between com-
pliance experts and privacy researchers. An added layer of complexity is introduced
by DP for ML, on top of the existing communication gap between clinicians and ML
experts on which technologies must be prioritized for clinical deployment.
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Chapter 7

Conclusion and Discussion

In this thesis, we explore themes related to leveraging structure for improving clinical
decisions and artificial intelligence (AI) safety via differentially private (DP) model
training. We look at clinically aggregated representations towards model robustness
across changing hospital systems, clinical concept extraction to improve relation ex-
traction, leveraging paired radiology reports associated with chest radiographs for
predictive pathology prediction capacity & report generation, and gradient-based
parameter selection for improved privacy-utility-compute tradeoffs in differentially
private model development.

In Chapter 2, we touch on key ideas of model generalizability and reproducibility,
to support research and deployment efforts in machine learning (ML) for health. We
introduce clinically aggregated feature representations to support ML models’ ability
to sustain performance over time as care practices, hospital database systems and
population demographics evolve. We provide our feature aggregation, along with a
full pre-processing pipeline for a popular electronic health record (EHR) dataset i.e.,
MIMIC-III [136] into an open-source framework known as MIMIC-Extract. MIMIC-
Extract, since its creation, has served as the basis for several ML studies and sup-
ported reproducibility efforts in ML for health.

Chapter 3 further delves into challenges for reproducibility in a popular biomedical
natural language processing (NLP) task known as relation extraction. We showcased
the extent of the reproducibility challenge and found that in addition to many exper-
iments not being described precisely enough, ablation studies that clearly delineate
performance contributions of individual techniques were often missing. This lack of
consensus over effective techniques made it harder for the field to determine ideas
that generalized to novel tasks, datasets and contexts. Our main contributions in
this domain are of the introduction of a highly accurate, unifying and extendable
framework for the relation extraction task that mitigates the reproducibility chal-
lenge in the domain. One of the surprising findings of our work is related to choices
of pre-processing using external knowledge in the form of clinical concept extraction
as a large contributor to performance, even more than choices of modeling.

Chapter 4 and 5 introduce new frameworks for accurate classification for medical
vision-based disease severity tasks. Chapter 4 first introduces the idea of leveraging
free-text radiology reports associated with chest radiographs to improve on the task
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of pulmonary edema severity detection. By taking advantage of the rich information
present in the radiology reports, our framework is the first to use contrastive learn-
ing for representation learning towards highly accurate disease severity prediction.
Chapter 5 further builds upon this idea by introducing a new framework based on
multi-modal autoregressive captioning to learn efficient visual representations that re-
quire fewer labels for training compared with image encoders learned via supervised
pre-training and contrastive learning objectives. Our framework also enables inter-
pretable outputs through the ability to generate accurate and prompt-based radiology
reports at inference.

Finally, Chapter 6 discusses differentially private (DP) model training as an im-
portant component of artificial intelligence (AI) safety. We apply DP pre-training
to a large state-of-the-art model in the speech domain that is optimized using a
language modeling-style objective. Ours is the first method to apply DP to self-
supervised learning (SSL) for automatic speech recognition (ASR) and to introduce
a novel model pruning variant based on gradient structure. We highlight DP training
as an important technique in preventing data leakage from the training data, and
underscore its importance towards deployability efforts in ML for health as the field
moves towards adopting larger and more data hungry models.

This thesis flows from themes of adoptability, reproducibility and robustness ques-
tions towards multi-modality, label efficiency and interpretability in machine learning
for health. Finally, as the field moves towards adopting models requiring training of
larger datasets containing potentially sensitive attributes, we discuss techniques that
prevent privacy leakage from training data with provable theoretical guarantees.

7.1 Future Work

Multi-modality As this thesis also demonstrates in its flow, there is a movement
within the ML for health field towards clinical decision support by using multi-modal
information. Already, we are moving beyond supervised learning algorithms towards
those using self-supervised learning. As seen in Chapters 4 and 5, the usage of multi-
view data in the form of radiology reports and chest x-ray images improves accu-
racy as well as label-efficiency of models. Recent efforts such as Med-PALM and
Med-PaLM M [271, 289] have demonstrated zero-shot capabilities of large language
models (LLMs) and vision-language models (VLMs) pre-trained using large amounts
of general domain data and instruction fine-tuned on medical data.

Notably, Med-Gemini [260] incorporates the popular mixture-of-experts (MoE)
architecture [76, 268] to efficiently scale and reason over longer contexts at inference
time. While large zero-shot reasoning models are becoming popular, Med-Gemini
aims to introduce a family of models that are optimized for individual application-
specific scenarios such as medical question-answering, summarization, multi-modal
visual question answering and video question-answering. Following the advances seen
in general domain LLMs and multi-modal vision-language models (VLMs), I see the
ML for health field moving from models that operate over single modality towards
multiple modalities (including video understanding). By design, LLM-style models
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are interactive and use prompting along with their long context windows to capture
a more natural flow of conversation. This will have major advantages for the clinical
space, by allowing doctors to interact with the models in natural language, allow
for self-correction via prompting and develop better trust through multi-turn con-
versation. These models can also serve as educational tools, supporting early-career
medical professionals in being able to ask questions about past cases and test their
knowledge interactively.

Model sparsity Recent research in LLMs has demonstrated the benefits of model
sparsity and pruning towards specialized task performance [98, 80, 63]. This research
is essential towards ensuring the cost of inference can be reduced and making it more
feasible to deploy these models in real-world settings. Additionally, this research
helps in understanding how a network uses its parameters [63], notably observing
that larger models might not be efficiently leveraging the parameters in the deeper
layers. Connecting to findings observed in Differentially Private (DP) training as seen
in Chapter 6, model sparsity can help in reducing the effective DP noise applied to the
model and improve model utility significantly. Between benefits observed from model
sparsity in non-DP settings as well as DP settings, there is an opportunity to better
understand the learning trajectory and loss landscapes of ML model training [303].
This has overarching benefits throughout the ML community in understanding the
optimal model sparsity necessary for specialized task performance, which is a direction
already starting to be pursued by [260] in the medical domain through the sparsely-
gated MoE layer [268]. Sparsity will continue to be a key area to better control model
capacity for optimal utility, and will help the field propose more computationally
efficient models that don’t sacrifice downstream task performance.

AI safety In Chapter 6, we discussed differential privacy (DP) as an important
component of artificial intelligence (AI) safety. Although DP works by offering guar-
antees at the sentence level against membership inference and reconstruction attacks,
the privacy protection this technique offers against leakage of personal identifiable
information (PII) is unknown. Lukas et al. [189] address the issue of measuring struc-
tured privacy leakage in the form of PII leakage, and observe that despite DP offering
strong theoretical guarantees, PII leakage is still not completely eliminated. More
work in the DP space needs to address the issue of structured information leakage,
along with hierarchical protection for more sensitive vs. less sensitive attributes.

In addition, recent work in the alignment domain of LLMs has demonstrated
harmfulness by fine-tuning with small amounts of adversarial examples and degra-
dation of safety through benign fine-tuning [239], indicating the brittleness of safety
alignment methods [305]. Understanding how information is distributed throughout
the parameters of a model is critical in moving the field towards mitigating such at-
tacks. This also connects back to the line of research where the learning trajectory of
LLMs is investigated further, and where safety fine-tuning approaches can be mea-
sured in conjunction for their level of brittleness. If we know parameters vital for
safety guardrails in the model as suggested in [305], providers could allow only for

113



localized fine-tuning where the safety-critical model regions are left untouched.
A definition of safety that not only encompasses harmful actions by the model

but also memorization and privacy metrics is essential if the field wants to develop
truly harmless models. Similar to the privacy-utility trade-offs observed in the DP
literature, the safety literature has observed a safety-utility trade-off [239], which must
be measured and defined transparently. Parallel to how the DP literature considers
privacy as a budget to be consumed while training a model, safety could be similarly
defined using the notion of a budget. Significant work also remains to be done in
safety theory to move beyond only reporting on empirical metrics over small number
of examples (e.g., a curated dataset of 330 examples in [239]). Further research is
also needed on safety tuning for LLMs in healthcare; Han et al. [101] take a step in
this direction by highlighting the safety gaps in medical LLMs.

What’s next ML for health has seen rapid progress in the last few years as a key
applied area for ML, LLMs and multi-modal models. Research areas of AI safety,
privacy, model robustness, computational and label efficiency, usage of external infor-
mation, importance of data pre-processing and the availability of multi-modal data
will remain paramount in the ML for health domain.

In this thesis, we have taken small steps in the directions of reproducibility,
model robustness, clinical concept usage as external knowledge, label efficiency, multi-
modality and differential privacy. Areas that continue to push the state-of-the-art in
model performance will continue being relevant, such as the usage of multi-modal
approaches to push forward performance benchmarks. In the future, I see the field
moving beyond just optimizing performance benchmarks towards AI safety and pri-
vacy, which will play a crucial role in training models with large amounts of sensitive
healthcare data. Theoretical and practical definitions of safety and privacy will be
important for developing healthy collaborations with clinical & policy stakeholders.
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Appendix A

Clinically aggregated features and
concept drift

In Chapter 2, we discuss raw feature extraction from the MIMIC-III dataset [136],
which often includes missing values. Over time, changes in frequency of data collec-
tion (in Figure A-1) can lead to highly sparse feature representations. Additionally,
changes in measurements (in Figure A-2) over time leads to accuracy loss for machine
learning models developed using raw feature representations.

Figure A-1: The frequency of data collection can change in clinical practice. Shown
is an example of the collection frequency for Mean Arterial Blood Pressure. Figure
borrowed from [213].

Figure A-2: The measured values of data can shift in clinical practice. Figure bor-
rowed from [213].

Our solution for mitigation of this accuracy loss is our clinically aggregated feature
representations, presented in Section A.1.
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Appendix B

Quantitative literature review for
relation extraction

Following Chapter 3, this section describes the quantitative literature review con-
ducted as of February 2019, to assess the reproducibility issue in the relation extrac-
tion (RE) domain. The literature review is found in Table B.1, with the following
column key:

cite = number of papers that cited the paper
code = whether code was publicly available (y for yes and • for no)
ablation = whether an ablation study was performed
hyperparam = whether hyperparameter details were mentioned
cross val = whether cross validation details were mentioned
word-embed = whether word embeddings were used and mentioned
datasets = number of datasets evaluated on
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Appendix C

Random Search result distributions
for relation extraction

Following the discussion in Section 3.5.9 about random search for hyperparameter
tuning, the exact number of experiments run on each dataset differed due to variability
in the availability of computation time. A total of 107 experiments were run for
semeval, 104 for ddi and 134 for i2b2. Statistics for performance on the randomly
sampled dev set are present in tables C.1, C.2 and C.3.

Statistic

Search Subset
All Top 10%

Mean 76.83 80.87

Stddev 9.93 0.31

Median 79.42 80.74

Max 81.37 81.37

Min 4.73 80.54

Range 76.64 0.83

Table C.1: Random Search experiment statistics for semeval. The two columns All
and Top 10% determine the subset of the results statistics are gathered for. All =
distribution of Macro-F1 scores over 107 experiments, top 10% = distribution over
top 10% of the results.

These tables demonstrate that random search reduces the variability of results
and converges to better performance than the default hyperparameters.
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Statistic

Search Subset
All Top 10%

Mean 80.24 82.08

Stddev 1.63 0.25

Median 80.45 82.04

Max 82.57 82.57

Min 71.21 81.74

Range 11.36 0.83

Table C.2: Random Search experiment statistics for ddi. The two columns All and
Top 10% determine the subset of the results statistics are gathered for. All = dis-
tribution of Macro-F1 scores over 104 experiments, top 10% = distribution over top
10% of the results.

Statistic

Search Subset
All Top 10%

Mean 69.61 72.19

Stddev 1.54 0.39

Median 69.78 72.13

Max 72.86 72.86

Min 62.92 71.64

Range 9.94 1.22

Table C.3: Random Search experiment statistics for i2b2. The two columns All
and Top 10% determine the subset of the results statistics are gathered for. All =
distribution of Macro-F1 scores over 134 experiments, top 10% = distribution over
top 10% of the results.
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Appendix D

Supplementary work for multimodal
representation learning

Figure D-1: t-SNE visualization in 2 dimensions for image embeddings in the joint
model (Chapter 4) the embeddings in the image-only model. We can observe a clearer
separation between the disease categories via our joint modeling technique.
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Edema severity Regex keyword terms Number of reports Accuracy

“Overall” N/A 485 89.69%

Level 0 – (no) pulmonary edema 222 88.74%

none (no) vascular congestion 43 100.00%

(n=216) (no) fluid overload 4 100.00%

(no) acute cardiopulmonary process 115 98.27%

Level 1 – cephalization 17 94.12%

vascular congestion pulmonary vascular congestion 96 98.96%

(n=98) hilar engorgement 3 100.00%

vascular plethora 13 100.00%

pulmonary vascular prominence 1 100.00%

pulmonary vascular engorgement 8 87.50%

Level 2 – interstitial opacities 30 73.33%

interstitial edema kerley 13 100.00%

(n=105) interstitial edema 92 94.57%

interstitial thickening 6 66.67%

interstitial pulmonary edema 21 100.00%

interstitial marking 19 68.42%

interstitial abnormality 10 70.00%

interstitial abnormalities 2 100.00%

interstitial process 2 100.00%

Level 3 – alveolar infiltrates 10 100.00%

alveolar edema severe pulmonary edema 58 98.28%

(n=66) perihilar infiltrates 1 100.00%

hilar infiltrates 1 100.00%

parenchymal opacities 6 16.67%

alveolar opacities 7 100.00%

ill defined opacities 1 100.00%

ill-defined opacities 1 0.00%

patchy opacities 10 10.00%

Table D.1: Validation of regex keyword terms. The accuracy (positive predictive
value) of the regular expression results for levels 0-3 based on the expert review
results are 90.74%, 80.61%, 95.24%, and 90.91%, respectively. The total number of
reports from all the keywords is more than 485 because some reports contain more
than one keywords.
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In Chapter 4, we report final joint model results with the dot product similarity
metric. We experimented with 3 different similarity metrics with or without the
contrastive loss. Without the contrastive loss, the joint loss would be equivalent
to minimizing the distance between the paired image and text and not considering
any imposters. In table D.2, we can see that the best performance is offered by
ranking-dot, which refers to the contrastive loss applied with negative sampling and
dot product used as a similarity metric.

Metrics dot l2 cosine ranking-dot ranking-l2 ranking-cosine

AUC(0) 0.65 0.78 0.77 0.80 0.77 0.77

AUC(1) 0.55 0.62 0.61 0.64 0.63 0.62

AUC(2) 0.57 0.66 0.63 0.68 0.62 0.62

AUC(3) 0.61 0.83 0.81 0.87 0.81 0.83

AUC(0v1) 0.61 0.71 0.69 0.73 0.71 0.71

AUC(0v2) 0.65 0.78 0.77 0.79 0.76 0.74

AUC(0v3) 0.72 0.93 0.91 0.93 0.92 0.90

AUC(1v2) 0.50 0.60 0.56 0.58 0.58 0.55

AUC(1v3) 0.51 0.80 0.79 0.83 0.77 0.77

AUC(2v3) 0.52 0.70 0.68 0.78 0.66 0.72

MSE 1.18 0.85 0.87 0.76 0.87 0.91

Macro-F1 0.15 0.42 0.44 0.45 0.43 0.41

Accuracy 0.44 0.49 0.49 0.51 0.48 0.47

Table D.2: Initial experiments to assess the model performance with different sim-
ilarity metrics applied for the joint loss, with or without considering the negative
samples.
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