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Abstract

The use of machine learning models to predict
clinical outcomes from (longitudinal) electronic
health record (EHR) data is becoming increas-
ingly popular due to advances in deep architec-
tures, representation learning, and the growing
availability of large EHR datasets. Existing mod-
els generally assume access to the same data
sources during both training and inference stages.
However, this assumption is often challenged by
the fact that real-world clinical datasets originate
from various data sources (with distinct sets of
covariates), which though can be available for
training (in a research or retrospective setting),
are more realistically only partially available (a
subset of such sets) for inference when deployed.
So motivated, we introduce Contrastive Learning
for clinical Qutcome Prediction with Partial data
Sources (CLOPPS), that trains encoders to cap-
ture information across different data sources and
then leverages them to build classifiers restricting
access to a single data source. This approach can
be used with existing cross-sectional or longitu-
dinal outcome classification models. We present
experiments on two real-world datasets demon-
strating that CLOPPS consistently outperforms
strong baselines in several practical scenarios.

1. Introduction

In recent times, a growing number of healthcare institutions
have started to routinely collect and leverage electronic
health records (EHR) from large collections of patients,
resulting in the availability of vast, rich, multimodal and
longitudinal EHR datasets. The promise is that these data
sources, if harnessed effectively, have the potential to sub-
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stantially improve the delivery and quality of healthcare.
Given the proven success of machine learning algorithms
in various fields such as image classification (Simonyan &
Zisserman, 2014; He et al., 2016; Dosovitskiy et al., 2020),
object detection (Redmon et al., 2016; He et al., 2017; Car-
ion et al., 2020), and natural language processing (Devlin
etal., 2018; Brown et al., 2020; Zhang et al., 2022a; Touvron
et al., 2023), numerous studies have explored the applica-
tion of these algorithms to EHR datasets for a variety of
medical tasks, including disease detection (Choi et al., 2017;
Baumel et al., 2018), diagnosis (Doctor; Lipton et al., 2015)
and prognosis (Harutyunyan et al., 2019; Song et al., 2018).

Prediction of clinical outcomes, e.g., mortality, has emerged
as a crucial focus due to two main reasons, namely, %) it
enables healthcare providers to tailor interventions effec-
tively, improving patient care; and 4%) it promises to im-
prove the allocation healthcare resources, for instance, in-
tensive care units (ICUs), staff, procedures and treatments;
all of which aid in optimizing the overall healthcare delivery
process. Initially, traditional machine learning algorithms
were used for mortality prediction tasks (Lemeshow et al.,
1994; Crawford et al., 2000; Meyfroidt et al., 2009). Later,
researchers leveraged the longitudinal nature of EHRs to
develop sequence-based models such as LSTMs (Hochreiter
& Schmidhuber, 1997) and Transformers (Vaswani et al.,
2017), for more granular (over time) and accurate outcome
predictions (Harutyunyan et al., 2019; Song et al., 2018).

Most outcome prediction models share a common assump-
tion requiring the access to identical (clinical) data sources
during both training and inference stages. However, this as-
sumption often does not align with the realities of real-world
healthcare settings. Common examples are those in which
data is collected by different parties (e.g., EHR and claims)
or by different systems (e.g., EHR and picture archiving
systems). Moreover, there are situations where a richer
(e.g., medical narrative) or more complete (e.g., claims) data
sources are available for model training but not at inference
due to security, privacy, readiness or portability constraints.

To address this important challenge and maximize the utility
of complete data sources for the purpose of enhancing pre-
diction of outcomes in clinical settings, we introduce Con-
trastive Learning for clinical Outcome Prediction with Par-
tial data Sources (CLOPPS). Specifically, we learn encoders
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set to preserve information across distinct data sources, bi®94; Vincent & Singer, 2010), decision trees (Crawford
then use them with a single data source during inferencet al., 2000; Ramon et al., 2007; Ribas et al., 2011), and
as part of a cross-sectional or longitudinal outcome classupport vector machines (Meyfroidt et al., 2009; Citi & Bar-
si cation model. In this manner, we can take advantagebieri, 2012; Kim et al., 2011). With the grow in popularity of
of the availability of multiple data sources during model neural networks, researchers began exploring their applica-
development, but without requiring all of them to be avail-tion in this domain (Dybowski et al., 1996; Clermont et al.,
able during inference. This is motivated by a real-world2001; Nimgaonkar & Sudarshan, 2004). However, some
scenario (see experiments) where we have data from bothstudies indicated that neural networks performed similarly
dialysis provider—Dialysis Clinic, Inc (DCl)—and a national to traditional algorithms in various ICU outcome prediction
data system—United States Renal Data System (USRDSgttings (Doig et al., 1993; Wong & Young, 1999; Clermont
(U.S. Renal Data System)—but we are interested in a modedt al., 2001). Acknowledging the longitudinal nature of
that can be used by the provider without relying on the lespatient data, there was a shift toward employing such data
accessible and non-real-time data retrospectively collectefibr improved prediction performance. For instance, Haru-
by the national system. tyunyan et al. (2019) leveraged LSTMs to process medical
time-series data for ICU mortality prediction. Similarly,

Our work offers two main contributions. From a method- .
ological perspective, CLOPPS allows to build representa\gOng etal. (2018) developed the SAND (Simply Attend and

tions from multiple data sources that can be leveraged t iagnose) architecture utilizing an attention. Further, Ra-

. - . )) omar et al. (2018) used both LSTM and attention-based
improve the performance of prediction models using onl 'models to enhance the accuracy of mortality predictions.

one data source. To the best of our knowledge, CLOPPS Onlike traditional outcome prediction models where full

the rst framework developed to tackle this unique challenge :
: L S - Y access to data sources is assumed, we address the more chal-
that is prevalent in clinical applications. From a practical : . S . .
enging scenario where access during inference is partial.

perspective, we demonstrate CLOPPS on several pracll-
cal scenarios with two real-world datasets from electronic

health records used for the purpose of mortality prediCtionContrastive learning The core insight of contrastive

learning is to learn effective representations by contrast-
2. Related Work ing positive pairs against negative pairs without the need for

| hi i call . expertly-acquired labels. Initially perceived as a form of self-
Sequence Models Architectures speci cally designed 10 g,y ised learning, contrastive learning has seen diverse

model sequences (including time series) have demonStrat%Q)plications. For instance, Chen et al. (2020) employed it to

exceptional performance across various tasks, including lafs, 1, yajuable visual representations, achieving results on

guage translation (Devlin et al., 2018; Zhang et al., 20228, \yith supervised methods. Similarly, Logeswaran & Lee

Touvron et f"‘l" 2023), weather forecasting (Doreswamy,q1gy ilized it to enhance semantic text understanding.
et al., 2018; Hewage et al., 2021)_ and mortality predicryg concent of contrastive learning has expanded into multi-
tion (Karabacak & Margetis, 2023; Nunez et al., 2023) oy scenarios, such as Radford et al. (2021) using it to

One of the earliest approaches is the recurrent neural Ngf,p joint image-text representations, enabling the model
work (RNN) (Rumelhart et al., 1985), which was then en-

~'"to comprehend a broad array of visual concepts in a zero-
hanced by the long short-term memory (LSTM) (Hochreiterg ot manner. Recent studies have explored the application
& Schmidhuber, 1997). A signi cant advancement came

. X : : of contrastive learning to longitudinal data. For instance,
with the mtrodgpﬂon of the Transformer (Vaswani et aI"Schneider et al. (2021) leveraged contrastive learning to
2017), which utilizes a self-

attention mechanism and showsjn, jjate an infant's learning experiences with a image se-

better performance than traditional sequence models Whegy,oces datasets, where the resulting object representations
used to encode sequential data. This led to the developmegh ;. gimilarities to established neurobiological ndings. In

of more specialized Transformer modedsy.,.BERT (De- 5 other instance, Hong et al. (2022) introduced speci ¢
viinetal., 2018), OPT (Zhang et al., 2022a), and ROFOrmey, s mentation techniques for longitudinal data, enhancing
(Su et al., 2024). Recently, to combine the advantages Qfy,jq| analysis. Leveraging the success of contrastive
both RNNs and Transformer models, Peng et al. (2023) prqg 4 ning for multi-modal data, we train our encoder to cap-
posed RWKYV;, a RNN approach leveraging self-attentiony ;e information across data sources, generating embeddings
that matches the performance of Transformer models. ¢, jnterence when only one of the data sources is available.

Several studies (Franceschi et al., 2019; Tonekaboni et al.,
Longitudinal prediction of outcomes Initial approaches 2021; Eldele et al., 2021;é&the et al., 2021; Kiyasseh et al.,
mostly concerned with mortality prediction exclusively em-2021; Zhang et al., 2022b; Raghu et al., 2023) have also
ployed traditional machine learning algorithms, such adried to apply contrastive learning to medical time-series
logistic regression (Lemeshow et al., 1994; Wagner et alanalysis and event prediction. However, our work differen-
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tiates itself by addressing a unique challenge where acce$¥edicting from incomplete data sources A key de ning

to data sources varies between the training and inferenagharacteristic of the scenario we seek to address is that in
phases. For instance, while studies such as Tonekaboni et ahich we have access to multiple sources of covariates, but
(2021); Yeche et al. (2021) utilize time windows to align pa- only one of such is available during inference. Without loss
tient observations for representation learning, they focus owf generality, we assume the complete set of features con-
representations within data sources. In contrast, our researdists of two non-overlappindata sourceseach containing
focuses on addressing the challenge of information represeg-set of covariates.e., X = (xf)lt) : Xf)?[) ). Consequently,
tation across data sources. More speci cally, Tonekabonjve are interested in building two models to estimate the
et aI.. (202'1) uses a discriminator (not contrastive learningy ;tcome of interesp(yp = 1jf Xg()gle ;fzg)g}:l ), for
within a single source, andeche et al. (2021) does use . K & -

contrastive learning, but our research assumes that duri 211,29, and wherd z;" g, is a longitudinal (latent)

P
inference only one data source is available presentation for data sourke@imed at capturing the in-

formation inboth data sources. This implies thitonly

one data sourcb<g-‘) gjt -, is available during inference; and

ii ) both data sources are available only when building the

. Kk . .
Below we describe our approach for longitudinal predictionrepresentation model f(ﬁfzéj 'gt_; . The hypothesis driving

of outcomes from incomplete data sources. In Section 3.2ur formulation is that if there is common information to be
we de ne the problem and modeling framework. Then, in leveraged from both sources to predict the outcome of in-
Sections 3.2 and 3.3, respectively, we introduce the optierest, it will be captured by representa’tl‘m’é}()gjt -1, thus
mization objectives used to train the encoding and outcomge expect the model using it to outperform the alternative

3. Approach

prediction components of the proposed framework. that only uses xgj‘)gjt:1 . It is important to note that the
formulation above suggests that data sources need to be
3.1. Problem De nition longitudinally pairedj.e., both having the same time points,

however, this can be relaxed as we will discuss below. Fur-
ther, the assumption that data sources are non-overlapping
can be also relaxed as we will show in the experiments.

Predicting from longitudinal data We consider the pre-
diction of (future) outcomes in a longitudinal setting. More
formally, a collection of historical data (covariates) for sam-

ple p (€., a patient) observed at regular mtervals_ IS deA two-stage training framework In order to leverage
noted aXXp =  Xp1;::1;Xpt; il Xpn, , for time points

the knowledge from the complete set of data sources,
t; < <t< <tn, tp, and wherd, represents g P

. . i we train the outcome prediction model in two separate
the I‘?‘St tlme_po_lnt at which sampawas observ_ed. I_\/Iore_ stages, nhameltongitudinal feature learningand super-
precisely,t, indicates the outcome or censoring time, if

. . - vised outcome learnindn the longitudinal feature learning
e =1 ore, = 0, respectively, hence, is an event indica- ; te foat déi%— £ 00 (50 §
tor. Note also that we do not assume covariates are availabf29€: tWO separate feature encodgis = f 7 (xy") for

. . . . k
att,, however, that may be the case in practice. Itis alsk 2 f 1,29 are learned to producencoded features;’

worth noting that the assumption of data being sampled akom input data sourc&f,‘t() as a means to incorporate the
regular intervalsi(e, jt t§ const, fort 6 t%is pri-  knowledge from both data sources in a longitudinal fash-
marily based on the characteristics of the datasets used ign. Subsequently, in the supervised outcome learning stage,
our experiments, however, the framework proposed below|assi ers for each data sourcé’ ( ) andc!@ () are learned

is general and can be readily extended to longitudinal datg estimate the risk of the outcome of interest based on raw

with irregular sampling. covariatescy andx’, as well as thexed encoded fea-
Having de ned samplep, a dataset oN samples con- tureszf,? andzﬁ), i.e, without further re nement. The
sisting of triplets (Xp;tp; &), and denoted ad = outcome prediction models can thus be formulated as

f(Xp;tp;€p)db, is used to estimate the risk for an outcome (K K .k

of irﬁte?es’tj,e.g, mortality, p(yp: = 1jf X gl ;) 2 (0;1) at POYp = 1if x5 gl ) = <O (2 g i gl) (@)
timet, de ned as the probability of a sample experiencing z,()'f) = f (k)(xé‘:)); @)
the outcome within a xedorizonof futureM time units o

(e.g, days, moths or years) relative to timeNote that time ~ Wherek 2 f 1,2g. Note that the classi er irf1) takes both

; . . . . k
points for whichy,; cannot be ascertained due to censoringthe raw covariate$x!’gi, and encoded features over

e, tp 2 [t;t + M]for e, = 0, which in general amounts timefz{?gf_, . Conceptually, the former can be seen as a

to a small proportion of sample time points, are not used fokkip connectiorinto the classi er while the latter implicitly

learning @:7% for the Private dataset in the experiments). captures information from both data sources (recall only
sourcek is available at inference). In practice, longitudinal
covariates may not be available, thus we can(i$én a
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Figure 1.Pretraining of the encoders for CLOPPS. Given two longitudinal observations of senfﬁlg} -, andf xg) gJ -1 , the attention-
based encoder (left) produces representaﬁaﬁ% g} -, andf zfj) gJ . The learning objective consist of three componelnts, L ,

andL g, that leverage positive pairs de ned in terms of time matchlng, local similarity and future information, respectively.

cross-sectionamanner using onIfz,‘ff), (k)) as inputs, as the resulting latent space, which encourages the encoders

we will describe below and demonstrate in the experimentdo distinguish between positive and negative pairings. Let
sim(z; 2% be the cosine similarity betweenandz®, then

3.2. Longitudinal Feature Learning the loss function for a positive pa'(rfjl) andx(z)

The strategy used to learn the encoders is concisely |I|us(x(k) (nk)) — ©)
trated in Figure 1 and described in detail below. . (nk)
exp(sim(zy; Zg )= )

x (0 eXp(Slm(Z(k) (O)) )
pt

log p
Information extraction via matching To produce en- xi”'s s
coders that remain effective when only one of the data indicates covariates from the data source that is
sources is available during inference, we train them to allgn (K ) (O (k)
observations from the same sample and nearby time poinftXp . Xj~ S B denotes an item frorBg exclud-
across data sources in latent (representation) space. Thigy x“ﬁ’, Zélt() is obtamed from the corresponding encoder
approach is motivated by the intuition that, at any givenyia (2) and is the standard temperature parameter used in
time pointt, covariates from different sources for sample contrastive learning algorithms (Chen et al., 2020).
p collectively and complementary represent their condition . . . .
(e.g. health status) at that moment in time. Consequently’'c ¢an obtain théime matching losgor all samples in
these covariates also likely contain shared (latent) mformapatChSB via (3) as
tion abouF the condl_tlon qﬁa_t timet. Training encoders to Ly = ‘(XS)’ (2))+ (Xg), (1)) (4)
extract this shared information encourages that, when only L@
one of the sources is available, such encoders can produce X S 8
representations infused with valuable information from thewhere we make explicit the need to calculate separately

data source that will not available at inference. the Ioss for each data soumﬁ) relative to the alternative

So motivated, we leverage contrastive learning (Chen et alX ,pt ) provided that the normalization term (denominator)
2020; He et al., 2020; Khosla et al., 2020). Speci cally, we in (3) keeps one data source xed.

randomly select a batch & samples fronD, yielding a

set of record$g = ff xp;; X3, 9 Oh=1 - Within this batch, ~ Local information extraction Recall that covariates for a
only pa|rsx( ) andx(z) are considered as a positive match, given sample are structured as longitudinal series ordered in

whereas aII other (sample and time point) combinat|on§'me In practical scenarios, the state of a sample does not
deemed as negative pairs. Note that for situations in Whlcﬁxhlblt dramatic changes over short periods of time (relative

data sources are not longitudinally concordant, the timd® the time scale of the outcome horiza#,). Consequently,
matching forx(l) andx(z) can be done for a prede ned we hypothesize that covariates for a sample within a short

time window . i.e., they are considered a positive match time window are likely to share transient (local) information.

ifjt t§< . The training of encoders?) () andf @ ()  Consider a sample and a prede ned time window of
is then conducted through a contrastive loss function irw time points, we de ne sub-sequences at titneas

pt 1 Zjj

4
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fxf]lft) wioi ;ngt); i ;xf)';‘t)+wg, denoted for conciseness information represents the shared information between cur-

asngt) ., fork 2 f1;2g. Then, based on the hypothe- rent and upcoming time steps, which in principle is likely to

sis that their covariates share information within and acrosé‘ig therf)redictli\{e ability((j)_f Cl:rrent embeddings, espec(ijagy
data sources, we can also consider the gdfd: x¥) )~ When the goal s to predict future outcomes. Inspired by
(nk) Contrastive Predictive Coding (CPC) (Oord et al., 2018),

- (k). . . .
(within) gnd(xpt .’XP?‘ w) (across) as positive pairs in a we also consider a future information loss.
contrastive learning framework.

Unlike the local information extraction loss, the future in-

However, unl_lke in standard contrastive Iea_rnmg (Chen etaltymation loss is computed within data sources. Consider
2020), we wish to account for sharing of information over ) (k) (K): c
abatchS;’ = fx glf xpo'jt  U(te;iiiitn,)d5—

a short period of time, but in relation to the outcome of £ C samoles an%t;i;jne oirﬁtts selected uniformly at ran-
interest. In this manner, we can encourage the model t§ P P y

capture information that is relevant for outcome prediction, czm an?k)such that each “?C"rd contams'a positive pair
More speci cally, we propose to weight the contrastive (Xp+d: Xpt ), for a predetermined temporal distanterhe
loss for positive pairs itf3) with the (unknown) outcome 9lobal information loss is de ned as
probability for a sample, for which we leverage a leave-one- () oK) . (K)
out standard Kaplan-Meier (KM) estimataRich et al., 9" (ZpeaiZot ) 7
2010), as a means to obtain the outcome distribution for a L0 g w0 gk (Zi(jk) : z’()'t‘)) ’
sample denoted &, (t). Consequently, the weight for the ! ¢

loss for positive pairs is obtainedag (t; t9) =1 j Sy(t)
Sp(19], wheref t; t% are any two time points within a set
of positive pairs as de ned above. The local loss for all
positive pairs corresponding to samplean be written as

N k
F(x) = logp

whereg(k) (z; 29 = exp(z" W, z9 is a log-bilinear encoder
with parametersV andz,‘ff) is obtained from the corre-
sponding encoder vig2). Similarly, thefuture lossfor all
samples in batcﬁ;((:k) is

. (k)y —
L(x$0y = 5) X X
X h | Le = ) ®)
. Y Ny (K) L (K) ~ (g (K) L (k) . k2f 1;2g y (K)
Wo(tit+ ) "(Xpe s Xpiej )+ (Xpt s Xpisj) “Ixp’ S ¢
j= wjjeo

Finally, the complete loss to optimize the parameters of t
where’( ; ) is the same as i(8), we have excludef=0  f (K)() and the auxiliang* (), fork 2 f 1; 2gis

from the calculation becausg’ x(k);x(k) is trivial; and
B (Xpc s Xp1) L=Lm+L+Lg: (9)

i) " (x{; x{1)) is already included i) sincewp(t; t) =

1. Thelocal lossfor all samples in batcBg is ) ) o
Feature encoder architecture. Inspired by the ubiquitous

L, = X CxX Oy + L (x@y- 6) success of attention-based models (Vaswani et al., 2017),
L L(Xpr )+ L (Xp): (6) ; N
o @ we adopt the well-known multi-head attention with causal
Xl X S B . . . . .
PR masking speci cation to account for the historical nature
of the data for samplp. A block diagram of the encoder

Based on de nitions, thé | can be viewed as a generaliza- composition is shown in Figure 1, while the detailed network
tion to thel vy . The separation into two loss terms here is grchitecture is described in Appendix A.1.

intentional for two reasons) Ly, (matching) requires time

§tam_p values (for positive pairs) across data sources to bgg Supervised Outcome Leaming

identical so they can be “matched”, which may not be fea-

sible in some scenario,) L (local) uses a time window In the supervised training stage, we concatenate the raw

but weights the loss using an empirical survival functioncovariates<§,'§), and encoded featureg‘), obtained from

(5), for which additional (outcomes) information is required. the pre-trained encodéf¥)( ) in (2). These are fed into

Note also that in principld, v is unsupervised while is  the classi erc®)( ) in (1), whose parameters are optimized

(weakly) supervised since the outcomes are used to weighjith the standard cross-entropy loss and ground-truth labels

the loss function. Ypt Using data from a single data source while keeping the
parameters of the encodef) () xed.

Future information extraction Complementary to inte- W ider feeding both iat d der feat
grating local information into embeddings, we also aim to. © consider feeding both covariates and encoder eatures
Hto the classi er to account for outcome-relevant informa-

encourage that the encoded features capture informa’tidt loss during th di q hile th q
spanning multiple time steps into the future. Thiture 1on 10Ss during the encoding procedure, while the encoders
focus on capturing longitudinal and cross-source informa-

'The KM estimator fop is obtained fronft; ; g g\ j; 6 - tion. In the experiments we consider two distinct practical
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scenarios for the inputs the classi er receivésa cross- Regarding the baseline models: for the Elastic Net, we set
sectionj.e., a single time poin(xf)‘t‘) ; z,g‘t‘)); orii) longitu-  (via grid search) the L1 regularization ratio@& and the
(k). (k) inverse of regularization strength@®b. The MLP is trained

dinal inputsf (X Nat_, asin(1). For the former, we .
Inal inputsf (x;;*; 25 )gj -1 In(1) W égr 10, 25 and 25 epochs on MMNIST, Private and MIMIC,

use multilayer perceptrons (MLPS) as a basic nonlinear cla velv. The RoF del | ined for 40 30 and
si er (Rosenblatt, 1958). For the latter we consider the oper{eSpeCt'Ve y. The RoFFormer model is trained for 40, 30 an

; 0 on MMNIST, Private and MIMIC, respectively. The OPT
pre-trained transformer (OPT) (Zhang et al., 2022a), and the .
receptance weighted key value model (RWKYV) (Peng et al.?ndMF‘;/mg/Tm; Qels are dtr'\‘jlul?vlel?:for 10, 2.0 &llndDZO glpocichs
2023), namely an attention-based and RNN-style Iongitudi-Or » Private an , respectively. Details o

nal modeling architectures, respectively. Further details of"” base]mes can.be found in Appendix A'l'. For all models
these architectures can be found in Appendix A.1. (excluding Elastic Net), AdamW (Loshchilov & Hultter,
2017) is employed as the optimizer. The values for the

. learning rate, beta, weight decay and batch size are set for
4. Experiments all models tol0 4, (0:9; 0:999), 0:01, and64, respectively

Below we rst introduce the baselines against which we ) . .
compare CLOPPS, along with training details and metricd¥€trics - The performance of all models is evaluated in
used to assess performance. Subsequently, we describe {i§gMS Of outcome classi cation accuracy using well known
datasets used and present results supporting the effectivendB§UicS, namely, the area under the receiver operating char-

and utility of the proposed framework. The source code use@Cteristic (AUC) (Fawcett, 2006), and the area under the

in the experiments is available attps://github.com/ precision-recall curve (AP) (Boyd et al., 2013). These met-

mx41-m/Contrastive-Learning.git rics are widely used in settings involving longitudinal pre-
diction of outcomes (Tokodi et al., 2020; Choi et al., 2022).

Baselines We consider two types of bas_elin_es inour exper-4 1. Moving MNIST

iments, namely cross-sectional and longitudinal models. For ] ) )

the cross-sectional setting we use Elastic Net (Zou & Hastiel his experiment serves as an idealized and conceptually
2005) and MLP, as representatives for simple, yet effectiveStraightforward illustration of the partial data source sce-

linear and nonlinear models, respectively. In both cases, thBario considered in this work.

inputs to the model are eith&fl) , x§§> or (xg) ;x§§>), the o )
latter as a naive alternative in which during infereu{;ﬁ is Dataset description ' Inspired by the methodology pre-
sented in Srivastava et al. (2015), we cre&26d00 se-
used as the input to the model whered” is imputed with quences simulating longitudinal observations of moving
population estimates. For the longitudinal setting we congigit images. These sequences were then divided into train-
sider three recently proposed models, namely, RoFormepg, validation, and test datasets following &r 1 : 1
(Su et al., 2024), OPT (Zhang et al., 2022a) and RWKVratio. For each sequence, we de ne the event as the frame
(Peng et al., 2023). Notably, RoFormer shares the samghere two digits intersect and subsequent frames are dis-
architecture as CLOPPS (for both encoder and predictiogarded, thus yielding sequences of varying length. Labels
head). For all of these, longitudinal covariates are eithefgr predictiony, for different values of the horizok are
fxg) g -1 ,fxg? gy orf (Xf)'j():z,()}())gle . Importantly, all  created using whether two digits will intersect in the sub-
models using both data sources are used to quantify the pafequentM frames relative to frame From this dataset,
formance of thedealizedsetting where they are available 15%of the sequences are randomly selected and censored
during inference. uniformly at random, thus discarding frames after the cen-
soring frame. Each frame is then split into two sub-frames
along the horizontal midpoint, with the top half designated

Training details To ensure a fair comparison across mod- (1)
els, hyperparameter tuning is done separately. We consid&® (Z)ne data sourcexp;’ g and the bottom half as the other,
@ 0. Examples of the generated sequences are provided

three datasets (described below): moving MNIST (MM-f X
NIST), a private real-world dataset (Private), and a publidor reference in the Appendix A.3.

real-world dataset (MIMIC). The encoders for CLOPPS are

trained for 50, 100 and 100 epochs on MMNIST, PrivateResults The primary objective of this experiment is to
and MIMIC, respectively. The classi ers for CLOPPS are assess whether the encoded features effectively capture in-
trained for 10, 5 and 5 epochs on MMNIST, Private andformation from both data sources. To this end, we conduct
MIMIC, respectively. In CLOPPS, the values forw and  a comparative analysis involving CLOPPS (with an MLP

d are set td):1, 2 and12, respectively, based on experimen- classi er) and three major baseline models: Elastic Net,
tal results. Details of the architecture and hyperparameteavlLP, and RoFormer, each evaluated at different horizons.
tuning can be found in Appendix A.1 and A.2, respectivelyAmong these baselines, the MLP model achieved the best
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Figure 3.Performance comparisons (AUC and AP) between
CLOPPS and ve baselines for different prediction horizons
M = f0:5;1;3;5g on the Private Real-World Dataset. Axes
colors indicate the data source available during inference:

Figure 2 Performance comparisons (AUC and AP) of MLP and ¢ the dialysis provider and purple for the national data system.
CLOPPS as a function of the prediction horizdn (x axis) on

the Moving MNIST dataset. From left to right, orily(élt) g, only

fx$) g, and (for reference) bottf x{ g;fx{¥’ g) are available model (see below). In this scenario we regard mortality as

during inference. the outcome of interest. The resulting dataset consists of
40; 752samples witi26:94  28:65 (monthly) time points,

performance by a signi cant margin. Consequently, Weand89 and620covariates for the dialysis provider and na-
' ’ jonal data system sources, respectively. Moreover, this

only present results comparing the proposed framewor -
angl\F/I)LP in Figure 2 RecZII thgt CLOpPPpS uses both datﬁataset has an overall survival rate2809% and?2:7% of

sources only when building the encoder. Detailed perforgample_ tlmipomts \évere exc_luded from m(_)dellng gge to
mance comparison for all models is included in Table 5 inceNsornng. Among the covariates) are continuousz
Appendix A.3. are discrete (one-hot encode@lare binary.

Figure 2 shows_thgt CLO.PPS con5|st§ntly outperforms MLPResuIts We performed a detailed comparison of CLOPPS
across all prediction horizons and with larger performanc

) . ; Manceyith the ve baseline models described above for various
differences observed in terms of AP. Interestingly, this is thehorizonsM = £0:5;1; 3 5g, and the assumption that only
case even in the hypothetical case where both data SOUCERe data source is available during inference. Results of

are avq|lztablzi 3t |r1|ferepce. A%Iso, Msmcriabseti, chﬁggslfgve a(:is comparison are presented in Figure 3, for which we
a consistent declin€ in performance ot bo aN%cus on the version of our model with the RWKYV classi er

MLP. Th|s behavior is expect.ed considering that a Iargeras it outperformed MLP and OPT. However, results with
M requires the model to predict events more distant in th

fut hich is inh tv hard iallvMsi %ll the alternative classi ers are presented in Appendix A.5.
uture, which 1S innerently harder especlallyiasincreases. Figure 3 indicates that, regardless of data source, horizon

. and performance metric, CLOPPS consistently outperforms
4.2. Private Real-World Dataset all baseline models. This consistency underscores the ro-

We now evaluate the proposed framework using a real-world®ustness and effectiveness of the proposed framework in
dataset of end-stage kidney disease patients consisting 6#Pturing information from both data sources as a means to
two data sources, namelygéalysis providefDCI) and a  €nhancing predictive ability.

national data syster(USRDS). Though the aim of CLOPPS is to capture information across
Dataset description The dialysis provider data source data sources to then perform inference with a single data
consists mainly of vital signs and laboratory tests recordegource, for completeness and transparency, we also com-
at monthly visits. Complementary, data from the nationalpared CLOPPS with baseline models assuming access to
data system provides diagnoses and procedures codes abth data sources, with results in Appendix A.5. These show
recorded on a monthly basis. For the experiments, thesi#at, with the availability of both data sources, CLOPPS still
are aggregated into clinical classi cations software (CCS)erforms on par with, or better than the baseline models.
code$. Both data sources also contain a set of shared ¢
variates consisting of 4 demographic attributes, age, sex,
race, and ethnicity, which are initially excluded from the

Besides the training mechanism discussed in Section 3.3, we
also explore an alternative training strategy on the Private
Real-World Dataset, namely, ne-tuning. This approach
?Details about CCS codes can be found htps:/ involves initially training our encoders, followed by a joint
hcup-us.ahrg.gov/toolssoftware/ccs/ccs.jsp ne-tuning phase of both the encoders and the prediction
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head tailored to each speci c dataset. A detailed perfor-
mance comparison between these two training strategies
is presented in Appendix A.8, where the results reveal no
additional gains from the ne-tuning mechanism.

Covariates common to both data sources were excluded

from the previous comparison to conform to the more gen-

eral case in which data sources do not overlap. However,

incorporating such (demographic) information during the

training of (mortality) classi ers can enhance the perfor-

mance of the models. To verify that the encoded features

(which do not use such information) can still augment morFigure 4.Performance comparisons (AUC and AP) between
tality prediction performance when these other covariate€LOPPS and ve baselines for different prediction horizons
are introduced, we incorporated them into the classi er forM = f0:5;1;3;5g, andshared demographic covariates the
each data source. This augmented dataset was then utilizE@vate Real-World Dataset. Axes colors indicate the data sources
to also train all the baseline models. Results are presentedyailable during inference: for the dialysis provider and
in Figure 4, while detailed results for other classi er options purple for the national data system.

within CLOPPS are provided in Appendix A.5.

Figure 4 shows results that are consistent with those in Fid'_able 1. Ablation study results for 1-year mortality using the only
ure 3, implying that even when combined with additional the data from the national data system. The rst row is for the
(staic) covariates, th eamed encoded features enera RS 1 L ol er anca ot Toesecond o
by CLOPPS enhance the performance of the single-sour '

a8 . .
- . . . répresent improvement relative to the rst row.
mortality prediction models. Moreover, Figure 3 and Fig- P P

ure 4 collectively underscore the robustness of the proposed—" Lo  Le AUC AP
approach, as CLOPPS always matches or improves the per-ENCODER+ MLP  0.7336 (—) 0.3632 (—)
formance relative to directly training models on the single MLP 0.7371 (=) 0.4041 (—)
data source being available during inference, thus demon- P 0.7496 (1.6%)  0.4127 (4.9%)
strating the information transfer from the source that is p 8';222 Eég% 8'2%22 gigfﬁg
available during training but not during inference. B p ) 0.7511 (1.7%) 0.4144 (5.1%)

Further, our experiments primarily consider various data p p p

0.7521 (1.8%)
0.7527 (1.9%)

0.4146 (5.1%)
0.4202 (5.7%)

sources from the same dataset. To better accommodate
for general real-world scenarios, where data sources may
from different datasets, we utilize our Private Real-Worldformance. This nding is in line with our assumptions,
Dataset to emulate a prospective scenario, which is moreonsidering that as previously mentioneg, can be seen
akin to transfer learning. Details about this scenario and itis a particular case af .

results can be found in Appendix A.7. The results af rm the

viability of CLOPPS in real-world prospective applications.T0 further corroborate these insights, we expanded the ab-

lation study to encompass other time horizons, namely,
M = f0:5; 3; 59, and data sources available at inference.
Results of these additional studies, which support the nd-
ings in Table 1, can be found in Appendix A.4.

Ablation study The complete loss if®) used for pretrain-
ing the encoders comprises three distinct componénjs:
L., andLg. To explore the speci ¢ contribution of each
of these, we conducted an ablation study using the Privatg.3. MIMIC (Public Real-World Dataset)
dataset. Speci cally, we set the outcome classi er to the

simplest optionj.e., the MLP, and focused the on 1-year Given that the Private dataset is not readily publicly accessi-
mortality predictionM = 1, assuming only the national Ple, we also validate CLOPPS using the MIMIC-II clinical

data system data source is available during inference. ~ database (Johnson et al., 2016).

The results in Table 1 indicate that each loss componerH)ataset description MIMIC-IIl  encompasses  de-
contributes to the classi er's performance in the mortality identi ed data fropm+40' 000 patients who Peceived care
prediction task. This underscores the value of each com- ' P

. . . . In critical care units. This comprehensive dataset consists
ponent in generating embeddings that are more effective

at imoroving prediction of outcomes. Amond the threeof EHR data spanning 26 distinct data tables. An in-depth
b 9p i 9 description of the data can be found in Johnson et al. (2016).
components, bothy, andL, demonstrate a comparably

substantial in uence on improving mortality prediction per- In our experiments, we opted for laboratory and proce-

8
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which can be of wide applicability in real-world scenarios,
especially in healthcare settings. Utilizing contrastive learn-
ing, CLOPPS makes full use of the complete set of data
sources during training, while generating highly informative
embeddings for different data sources to be used during
the inference stage, thus facilitating accurate predictions
and potentially more portable models. Our experiments
demonstrated that CLOPPS consistently outperforms strong
competing baselines, under conditions of partial access to
data sources during inference, thereby validating its ef cacy
) _ in real-world mortality prediction scenarios. This study
'(::'Egssé Zﬁgo\;‘?gggzlisggnﬁ’r?élzz?mﬁ':t"ei ;’:/‘lrggegeta"e’ee“ has several limitationsi) we only consider tabular data;
MIMIC data. Axes colors inoiicate the data sources available durl-I ) tho”gh rggdlly extenS|bIe,_ we on!y consider two data
ing inference: procedures, labs and both sources; qnd| ) we on_ly cc_)n3|der a single outcome, thus
not exploring competing risk. In future work, we plan to
expand the typese(g, images and text) and number of data

dure events to emulate the type of data available in the pwaources and outcomes considered. Further, we are also inter-

sources of our Private dataset. These two data sources WﬁISted in explqring the pot_ential app Iif:ability of our frame-_
be referred to as Lab and Procedure hereafter. For each [yggrk to a variety of medical predictive tasks (Ghassemi
., 2020; Wang et al., 2020) beyond mortality prediction.

tient, we aggregated Lab values and Procedure codes hour?s} al
throughout their ICU stay. For Labs, we used the hourly
mean if multiple records were available or the populationlmpact Statement

mean (over the training set) in the case of no records b(%_—h df Kis intended i
ing available. For Procedure codes, we employed binar € Proposed iramework IS Intended as a means to improve

indicators to denote whether a speci ¢ procedure occurre he portability and reduce the data requirements of clinical

within each hour. Further, we also extracted other featuregutcome prediction models. This is important because it

such as sex, age, and admission codes, to serve as additioﬂ\salvg,a"t_recogg'ﬁe‘?c thatbthese are twg ?a;ne:s pr(;aventmt{:]
“shared” covariates for the mortality risk prediction model. prediclive models irom being more widely deployed as par
of clinical decision support systems. Despite the potential

Patients with ICU stays exceeding one week were excludegositive impact of CLOPPS on the clinical predictive model
resulting in a nal cohort oR0; 784 patients, with63:32 ecosystem, it is worth noting that this work does not explore
35:12 (hourly) time points, an®0, 12, 145covariates for  ethical implications of bias caused or ampli ed by models
Lab, Procedure and shared covariates, respectively. Amongroduced by CLOPPS. Fortunately, there is a growing body
these,81 are continuous and56 are binary. Moreover, of work in machine learning devoted to address problems
this dataset has a survival rate8#80% This cohort was  associated with quantifying and correcting bias, equity or
then divided into training, validation, and testing subsetgairness issues in predictive models.

following an 8:1:1 ratio. The task is to predict mortality

within the nextl68hours (1 week) relative to time poitit Acknowledgements

Results Mirroring the approach used for the Private We thank the anonymous reviewers for their construc-

dataset, we compare the proposed framework with ve basdivé feedback.  This work was supported by NIDDK
lines. This comparison is conducted in the scenario wher&01DK123062. The data reported here have been supplied
the additional shared covariates are included in the classi ePY the United States Renal Data System (USRDS). The in-
Results in Figure 5 are shown for CLOPPS with the RWKV’terpretatlon and repo_rtlng of these data are the responS|b|_I|ty
consistent to those for the Private dataset. Detailed resul the author(s) and in no way should be seen as an of cial
for other classi er options can be found in Appendix A.6. Policy or interpretation of the US government.

Figure 5 demonstrates that regardless of the data source ac-

cessed during inference, CLOPPS consistently outperformReferences

other baselines, which effectively validates it. . : . . .
y Agarap, A. F. Deep learning using recti ed linear units.

. arXiv preprint arXiv:1803.083752018.
5. Conclusion

We introduced CLOPPS, a framework tailored for longi-Ba, J. L., Kiros, J. R., and Hinton, G. E. Layer normalization.
tudinal outcome prediction with incomplete data sources, arXiv preprint arXiv:1607.0645X016.

9



Contrastive Learning for Clinical Outcome Prediction with Partial Data Sources

Baumel, T., Nassour-Kassis, J., Cohen, R., Elhadad, M., anBevlin, J., Chang, M.-W., Lee, K., and Toutanova, K. Bert:
Elhadad, N. Multi-label classi cation of patient notes:  Pre-training of deep bidirectional transformers for lan-
case study on icd code assignmentWarkshops at the guage understandingrXiv preprint arXiv:1810.04805
thirty-second AAAI conference on arti cial intelligence  2018.

2018. Doctor, A. Predicting clinical events via recurrent neural
Boyd, K., Eng, K. H., and Page, C. D. Area under the networks edward choi, mohammad taha bahadori, andy
precision-recall curve: point estimates and con dence schuetz, walter {Stewart, Jimeng Sun arXiv (2015-11-18)

intervals. InMachine Learning and Knowledge Discov- https://arxiv. org/abs/1511.05942 v11

ery in Databases: European Conference, ECML PKDD . . . .
2013, Prague, Czech Republic, September 23-27, 20199'9’ G, Inman, K., S.'bb.ald’ W Maf?'”' C.,and _prertson,
J. Modeling mortality in the intensive care unit: compar-

Proceedings, Part lll 13pp. 451-466. Springer, 2013. ing the performance of a back-propagation, associative-

Brown, T., Mann, B., Ryder, N., Subbiah, M., Kaplan, J. D., learning neural network with multivariate logistic regres-
Dhariwal, P., Neelakantan, A., Shyam, P., Sastry, G., sion. InProceedings of the annual symposium on com-
Askell, A., et al. Language models are few-shot learners. puter application in medical carepp. 361. American
Advances in neural information processing syste38s Medical Informatics Association, 1993.

1877-1901, 2020. Doreswamy, Gad, I., and Manjunatha, B. Multi-label clas-

Carion, N., Massa, F., Synnaeve, G., Usunier, N., Kirillov, Si cation of big ncdc weather data using deep learning
A., and Zagoruyko, S. End-to-end object detection with model. InSoft Computing Systems: Second International

transformers. IfEuropean conference on computer vision ~ Conference, ICSCS 2018, Kollam, India, April 19-20,
pp. 213-229. Springer, 2020. 2018, Revised Selected Paperpg. 232—241. Springer,

2018.
Chen, T., Kornblith, S., Norouzi, M., and Hinton, G. A
simple framework for contrastive learning of visual rep-D0osovitskiy, A., Beyer, L., Kolesnikov, A., Weissenborn,
resentations. Innternational conference on machine  D- Zhai, X., Unterthiner, T., Dehghani, M., Minderer, M.,
learning pp. 1597—-1607. PMLR, 2020. Heigold, G., Gelly, S., et al. Animage is worth 16x16
words: Transformers forimage recognition at scatXiv
Choi, E., Schuetz, A., Stewart, W. F., and Sun, J. Using preprint arXiv:2010.119292020.

recurrent neural network models for early detection of ) o
heart failure onset.Journal of the American Medical DyPowski, R., Gant, V., Weller, P., and Chang, R. Prediction

Informatics Associatior24(2):361-370, 2017. of outcome in critically ill patients using arti cial neural
network synthesised by genetic algorithiithe Lancet
Choi, M. H., Kim, D., Choi, E. J., Jung, Y. J,, Choi, Y. J., 347(9009):1146-1150, 1996.
Cho, J. H., and Jeong, S. H. Mortality prediction of )
patients in intensive care units using machine learnind~'9€le: E., Ragab, M., Chen, Z., Wu, M., Kwoh, C. K., Li,

algorithms based on electronic health recoisienti ¢ X., and Guan, C. Time-series representation learning
reports 12(1):7180, 2022. via temporal and contextual contrastiragXiv preprint

arXiv:2106.141122021.
Citi, L. and Barbieri, R. Physionet 2012 challenge: Predict- . . .
ing mortality of icu patients using a cascaded svm-gImFaV\.'C.ett' T. An |ntroquct|on to roc analysigattern recog-
paradigm. In2012 Computing in Cardiologyp. 257— nition letters 27(8):861-874, 2006.
260. IEEE, 2012. Franceschi, J.-Y., Dieuleveut, A., and Jaggi, M. Unsuper-
Clermont, G., Angus, D. C., DiRusso, S. M., Grif n, M., V.'SGd sc_alab:je repres_entatlonl I_e?rnmg_for multlvar_late
and Linde-Zwirble, W. T. Predicting hospital mortality time series Advances in neural information processing

f . : ! . o . systems32, 2019.

or patients in the intensive care unit: a comparison of

arti cial neural networks with logistic regression models. Ghassemi, M., Naumann, T., Schulam, P., Beam, A. L.,
Critical care medicing29(2):291-296, 2001. Chen, 1. Y., and Ranganath, R. A review of challenges
and opportunities in machine learning for healtMIA
Summits on Translational Science Proceedj2§20:191,
2020.

Crawford, E. D., Batuello, J. T., Snow, P., Gamito, E. J.,
McLeod, D. G., Partin, A. W., Stone, N., Montie, J.,
Stock, R., Lynch, J., et al. The use of arti cial intelli-
gence technology to predict lymph node spread in mendarutyunyan, H., Khachatrian, H., Kale, D. C., Ver Steeg,

with clinically localized prostate carcinomaCancer: G., and Galstyan, A. Multitask learning and benchmark-
Interdisciplinary International Journal of the American  ing with clinical time series datéScienti ¢ datg 6(1):96,
Cancer Society88(9):2105-2109, 2000. 2019.

10



Contrastive Learning for Clinical Outcome Prediction with Partial Data Sources

He, K., Zhang, X., Ren, S., and Sun, J. Deep residual learn-ogeswaran, L. and Lee, H. An efcient framework
ing for image recognition. IfProceedings of the IEEE for learning sentence representatiorstXiv preprint
conference on computer vision and pattern recognjtion arXiv:1803.028932018.
pp. 770-778, 2016.

Loshchilov, I. and Hutter, F. Decoupled weight decay regu-

He, K., Gkioxari, G., Dolar, P., and Girshick, R. Maskr- |arization. arXiv preprint arXiv:1711.051012017.
cnn. InProceedings of the IEEE international conference

on computer visionpp. 2961-2969, 2017. Meyfroidt, G., Qiiza, F., Ramon, J., and Bruynooghe, M.

He. K., Fan. H.. Wu, Y., Xie, S., and Girshick, R. Mo- Machine learning tephmques to examine large patle.nt
k . . databasesBest Practice & Research Clinical Anaesthesi-
mentum contrast for unsupervised visual representation

learning. InProceedings of the IEEE/CVF conference on ology, 23(1):127-143, 2009.
computer vision and pattern recognitiopp. 9729—

2020 9738, Narayan, S. The generalized sigmoid activation function:

Competitive supervised learnintnformation sciences

Hewage, P., Trovati, M., Pereira, E., and Behera, A. Deep 99(1-2):69-82, 1997.

learning-based effective ne-grained weather forecasting, . - :
model. Pattern Analysis and Application24(1):343— gN|mgaonkar, A anq Suda_rshan_, S. Predlc'Flrlg hosp|tal_m0r—
366, 2021. tality for patients in the intensive care unit: a comparison

of arti cial neural networks with logistic regression mod-
Hochreiter, S. and Schmidhuber, J. Long short-term memory. els. Intensive Care Med30:248-253, 2004.
Neural computation9(8):1735-1780, 1997.
Nunez, J.-J., Leung, B., Ho, C., Bates, A. T., and Ng, R. T.
Hong, C., Yi, F., and Huang, Z. Deep-csa: Deep contrastive predicting the survival of patients with cancer from their
learning for dynamic survival analysis with competing jnitial oncology consultation document using natural lan-

risks. IEEE Journal of Biomedical and Health Informat-  guage processingAMA Network Opers(2):e230813—
ics, 26(8):4248-4257, 2022. 230813, 2023.

Johnson, A., Pollard, T., and Mark, R. Mimic-iii clinical

. ; Oord, A. v. d., Li, Y., and Vinyals, O. Representation learn-
database (version 1.4physioNet10(C2XW26):2, 2016. v ! Iy P !

ing with contrastive predictive codingarXiv preprint
Karabacak, M. and Margetis, K. Embracing large language arXiv:1807.037482018.

models for medical applications: Opportunities and chal- ) )
lenges.Cureus 15(5), 2023. Peng, B., Alcaide, E., Anthony, Q., Albalak, A., Arcadinho,

S., Cao, H., Cheng, X., Chung, M., Grella, M., GV, K. K.,

Khosla, P., Teterwak, P., Wang, C., Sarna, A., Tian, Y., Isola, et al. Rwkv: Reinventing rnns for the transformer era.

P., Maschinot, A., Liu, C., and Krishnan, D. Supervised arXiv preprint arXiv:2305.130482023.

contrastive learning.Advances in neural information

processing system33:18661-18673, 2020. Radford, A., Kim, J. W., Hallacy, C., Ramesh, A., Goh, G.,

) ] . ] Agarwal, S., Sastry, G., Askell, A., Mishkin, P., Clark, J.,
Kim, S., Kim, W., and Park, R. W. A comparison of in- gt a|. Learning transferable visual models from natural

tensive care urut. mortallty.predlctlon modgls through the language supervision. Imternational conference on

use of data mining techniqueblealthcare informatics machine learingpp. 8748-8763. PMLR, 2021.

research 17(4):232—-243, 2011.
Raghu, A., Chandak, P., Alam, R., Guttag, J., and Stultz,
C. Sequential multi-dimensional self-supervised learning
for clinical time series. Iinternational Conference on
Machine Learningpp. 28531-28548. PMLR, 2023.

Kiyasseh, D., Zhu, T., and Clifton, D. A. Clocs: Contrastive
learning of cardiac signals across space, time, and pa-
tients. Ininternational Conference on Machine Learnjng
pp. 5606-5615. PMLR, 2021.

Lemeshow, S., Klar, J., Teres, D., Avrunin, J. S., GehlbachRajkomar, A., Oren, E., Chen, K., Dai, A. M., Hajaj, N.,
models for patients in the intensive care unit for 48 or Scalable and accurate deep learning with electronic health
72 hours: a prospective, multicenter stu@yitical care records.NPJ digital medicine1(1):18, 2018.

medicine 22(9):1351-1358, 1994. _ .
€22(9) Ramon, J., Fierens, D.,iza, F., Meyfroidt, G., Blockeel,

Lipton, Z. C., Kale, D. C., Elkan, C., and Wetzel, R. Learn- H., Bruynooghe, M., and Van Den Berghe, G. Mining
ing to diagnose with Istm recurrent neural networkiv data from intensive care patien#ddvanced Engineering
preprint arXiv:1511.0367,/2015. Informatics 21(3):243-256, 2007.

11



Contrastive Learning for Clinical Outcome Prediction with Partial Data Sources

Redmon, J., Divvala, S., Girshick, R., and Farhadi, A. You
only look once: Unified, real-time object detection. In
Proceedings of the IEEE conference on computer vision
and pattern recognition, pp. 779-788, 2016.

Ribas, V. J., Lépez, J. C., Ruiz-Sanmartin, A., Ruiz-
Rodriguez, J. C., Rello, J., Wojdel, A., and Vellido, A.
Severe sepsis mortality prediction with relevance vector
machines. In 2011 annual international conference of the
IEEE engineering in medicine and biology society, pp.
100-103. IEEE, 2011.

Rich, J. T., Neely, J. G., Paniello, R. C., Voelker, C. C.,
Nussenbaum, B., and Wang, E. W. A practical guide to un-
derstanding kaplan-meier curves. Otolaryngology—Head
and Neck Surgery, 143(3):331-336, 2010.

Rosenblatt, F. The perceptron: a probabilistic model for
information storage and organization in the brain. Psy-
chological review, 65(6):386, 1958.

Rumelhart, D. E., Hinton, G. E., Williams, R. J., et al. Learn-
ing internal representations by error propagation, 1985.

Schneider, F., Xu, X., Ernst, M. R., Yu, Z., and Triesch,
J. Contrastive learning through time. In SVRHM 2021
Workshop@ NeurIPS, 2021.

Shaw, P., Uszkoreit, J., and Vaswani, A. Self-attention
with relative position representations. arXiv preprint
arXiv:1803.02155, 2018.

Simonyan, K. and Zisserman, A. Very deep convolu-
tional networks for large-scale image recognition. arXiv
preprint arXiv:1409.1556, 2014.

Song, H., Rajan, D., Thiagarajan, J., and Spanias, A. Attend
and diagnose: Clinical time series analysis using atten-
tion models. In Proceedings of the AAAI conference on
artificial intelligence, volume 32, 2018.

Srivastava, N., Mansimov, E., and Salakhudinov, R. Unsu-
pervised learning of video representations using Istms. In
International conference on machine learning, pp. 843—
852. PMLR, 2015.

Su, J., Ahmed, M., Lu, Y., Pan, S., Bo, W.,, and Liu, Y.
Roformer: Enhanced transformer with rotary position
embedding. Neurocomputing, 568:127063, 2024.

Tokodi, M., Schwertner, W. R., Kovacs, A., Tosér, Z., Staub,
L., Sarkény, A., Lakatos, B. K., Behon, A., Boros, A. M.,
Perge, P, et al. Machine learning-based mortality pre-
diction of patients undergoing cardiac resynchronization

therapy: the semmelweis-crt score. European heart jour-
nal, 41(18):1747-1756, 2020.

12

Tonekaboni, S., Eytan, D., and Goldenberg, A. Unsuper-
vised representation learning for time series with temporal
neighborhood coding. arXiv preprint arXiv:2106.00750,
2021.

Touvron, H., Lavril, T., Izacard, G., Martinet, X., Lachaux,
M.-A., Lacroix, T., Roziere, B., Goyal, N., Hambro, E.,
Azhar, F,, et al. Llama: Open and efficient foundation lan-
guage models. arXiv preprint arXiv:2302.13971, 2023.

U.S. Renal Data System. 2023 USRDS Annual Data Report:
Epidemiology of Kidney Disease in the United States. Na-
tional Institutes of Health, National Institute of Diabetes
and Digestive and Kidney Diseases, Bethesda, MD, 2023.

Vaswani, A., Shazeer, N., Parmar, N., Uszkoreit, J., Jones,
L., Gomez, A. N., Kaiser, L., and Polosukhin, I. At-
tention is all you need. Advances in neural information
processing systems, 30, 2017.

Vincent, J.-L. and Singer, M. Critical care: advances and
future perspectives. The Lancet, 376(9749):1354-1361,
2010.

Wagner, D. P., Knaus, W. A., Harrell, F. E., Zimmerman,
J. E., and WATIS, C. Daily prognostic estimates for crit-
ically ill adults in intensive care units: results from a

prospective, multicenter, inception cohort analysis. Criti-
cal care medicine, 22(9):1359-1372, 1994.

Wang, S., McDermott, M. B., Chauhan, G., Ghassemi, M.,
Hughes, M. C., and Naumann, T. Mimic-extract: A data
extraction, preprocessing, and representation pipeline for
mimic-iii. In Proceedings of the ACM conference on
health, inference, and learning, pp. 222-235, 2020.

Wolf, T., Debut, L., Sanh, V., Chaumond, J., Delangue, C.,
Moi, A., Cistac, P., Rault, T., Louf, R., Funtowicz, M.,
et al. Huggingface’s transformers: State-of-the-art natural
language processing. arXiv preprint arXiv:1910.03771,
2019.

Wong, L. and Young, J. A comparison of icu mortality
prediction using the apache ii scoring system and artificial
neural networks. Anaesthesia, 54(11):1048-1054, 1999.

Yeche, H., Dresdner, G., Locatello, F., Hiiser, M., and
Ritsch, G. Neighborhood contrastive learning applied to
online patient monitoring. In International Conference
on Machine Learning, pp. 11964-11974. PMLR, 2021.

Zhang, S., Roller, S., Goyal, N., Artetxe, M., Chen, M.,
Chen, S., Dewan, C., Diab, M., Li, X., Lin, X. V.,
et al. Opt: Open pre-trained transformer language models.
arXiv preprint arXiv:2205.01068, 2022a.

Zhang, X., Zhao, Z., Tsiligkaridis, T., and Zitnik, M. Self-
supervised contrastive pre-training for time series via



Contrastive Learning for Clinical Outcome Prediction with Partial Data Sources

time-frequency consistency. Advances in Neural Infor-
mation Processing Systems, 35:3988—4003, 2022b.

Zou, H. and Hastie, T. Regularization and variable selection
via the elastic net. Journal of the Royal Statistical Society
Series B: Statistical Methodology, 67(2):301-320, 2005.

13



Contrastive Learning for Clinical Outcome Prediction with Partial Data Sources

Table 2. Tuning Results for 7 on the Private validation dataset. Throughout the tuning phase we only include L 5s. The best performances
are in highlighted in bold text.

T VALUE
M (YEARS) INFERENCE DATASET METRIC 0.01 0.1 05
AUC 0.7729 0.7749 0.7740
05 NATIONAL DATA SYSTEM —~ » p 0.3231 0.3246 0.3174
: AUC 0.8050 0.8108 0.8099
DIALYSIS PROVIDER AP 0.3726 0.3768 0.3781
AUC 0.7451 0.7488 0.7475
1 NATIONAL DATA SYSTEM 1 p 0.4188 0.4225 0.4173
AUC 0.7771 0.7816 0.7790
DIALYSIS PROVIDER AP 0.4718 0.4763 0.4736
AUC 0.7367 0.7418 0.7405
; NATIONAL DATA SYSTEM 1 p 0.6803 0.6855 0.6820
AUC 0.7585 0.7632 0.7595
DIALYSIS PROVIDER AP 0.7077 0.7133 0.7086
CATIONAL DatA systen | AUC 0.7606 0.7664 0.7644
s AP 0.8045 0.8086 0.8065
AUC 0.7801 0.7816 0.7800
DIALYSIS PROVIDER AP 0.8182 0.8197 0.8184
BEST PERFORMANCE COUNT 0/16(0.00%) 16/16(100.00%) 0/16(0.00%)
A. Appendix

A.1. Model Architecture Details

Encoders The two encoders M and f® in CLOPPS are identical in architecture. Each encoder starts with an input
embedding layer, followed by two attention blocks. Each block consists of a multi-head self-attention layer, featuring 4
heads with each head having a dimension of 128, and a fully connected feed-forward layer. A residual connection (He et al.,
2016) and a layer normalization (Ba et al., 2016) are employed after each of sub-layer. The final output dimension of the
encoders is set at 512. Diverging from traditional position embeddings like absolute position embedding (Vaswani et al.,
2017), or relative position embedding (Shaw et al., 2018), our encoders utilize a rotary position embedding (Su et al., 2024).

Classifiers The MLP classifier in CLOPPS consists of three layers. The output dimensions for these layers are 512, 256,
and 1, respectively. Each layer integrates a ReLU activation function (Agarap, 2018), except from the final layer which
is followed by a sigmoid activation function (Narayan, 1997). For the construction of the OPT and RWKYV models, we
leverage the Hugging-face’s transformers library (Wolf et al., 2019). The OPT model has 2 hidden layers, 4 attention heads,
and a hidden size of 512. The RWKYV model is similarly designed with an attention and overall hidden size of 512 units, as
well as 2 hidden layers.

Baselines For the Elastic Net baseline, we configured the L1 regularization ratio to 0.7 and set the inverse of regularization
strength to 0.5. The RoFormer baseline consists of two attention layers, following the architecture used for the encoders, and
then followed by a three-layer MLP classifier. The MLP dimensions are 512, 256, and 1, respectively, with ReLU activation
functions. The MLP, OPT, and RWKYV baselines are architecturally identical to the classifiers in CLOPPS.

A.2. Hyperparameter Tuning

In this section, we detail the tuning of hyperparameters 7, w and d for CLOPPS, utilizing the Private validation dataset
without demographic features. Initially, 7 was tuned under the assumption that our encoders are optimized solely with the
loss L. After setting 7, we proceeded to independently tune w and d, implying that while adjusting one hyperparameter,
the other was set to 0. Detailed results of this tuning process can be found in Table 2 for 7, Table 3 for w, and in Table 4 for
d. Based on these results, we selected 7 = 0.1 w = 2 and k£ = 12 as the optimal parameters for CLOPPS, as these settings
yielded the highest frequency of top performance across multiple scenarios.
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Table 3. Tuning Results for w on Private validation dataset. Throughout the tuning phase, setting d = 0 signifies the exclusion of L 7.
Similarly, w = 0 indicates that L, is not incorporated. The best performances are highlighted in bold text.

M (YEARS) INFERENCE DATASET METRIC 0 1 w VALUE 5 3
NATIONAL DaTA systen AUC 0.7749 0.7784 0.7785 0.7757
0.5 AP 0.3246 0.3284 0.3291 0.3263
: DIALYSIS PROVIDER AUC 0.8108 0.8155 0.8145 0.8149
AP 0.3768 0.3834 0.3821 0.3823
AUC 0.7488 0.7519 0.7514 0.7498
| NATIONAL DATA SYSTEM 5 p 0.4225 0.4250 0.4263 0.4233
DIALYSIS PROVIDER AUC 0.7816 0.7855 0.7852 0.7868
AP 0.4763 0.4833 0.4795 0.4834
AUC 0.7418 0.7425 0.7434 0.7424
3 NATIONAL DATA SYSTEM 5 p 0.6855 0.6865 0.6866 0.6842
AUC 0.7632 0.7677 0.7667 0.7679
DIALYSIS PROVIDER AP 0.7133 0.7183 0.7162 0.7184
AUC 0.7664 0.7636 0.7660 0.7644
s NATIONAL DATA SYSTEM —— » p 0.8086 0.8056 0.8069 0.8048
AUC 0.7816 0.7854 0.7858 0.7864
DIALYSIS PROVIDER AP 0.8197 0.8226 0.8230 0.8229
BEST PERFORMANCE COUNT 2/16(12.50%) 3/16(18.75%) 6/16(37.50%) 5/16(31.25%)
A.3. Moving MNIST

In this section, we firstly show specific examples from the generated Moving MNIST (MMNIST) dataset to provide a better
understanding of it. The first example, illustrated in Figure 6, demonstrates a sequence where an event occurs, specifically
where the two numbers in the sequence intersect. Another example, depicted in Figure 7, represents censored sequences
within the dataset. In both instances, the sequence labels are generated based on the criterion that M = 2, indicating whether
the two numbers will intersect in the subsequent 2 frames.

Additionally, to provide a comprehensive view of the performance across different models, we show the full results from all
models on the Moving MNIST dataset in Table 5, offering a broader perspective of the effectiveness of each model in this
specific context.

A 4. Full Ablation Study Results on Private Dataset

In Table 6, we present the complete results of the ablation study on the Private dataset. The results for half-year, 3-year and
5-year mortality predictions in Table 6 assume we only have access to one data source (the dialysis provider or the national
data system) during inference, support the findings in Table 1.

A.5. Full results of Private Dataset

In this section, we provide a comprehensive comparison of CLOPPS against all baselines using the Private dataset. Figure 8
and 9 provide a detailed performance comparison between CLOPPS, with various classifier options, and all baseline models.
These figures show results on Private dataset with and without shared demographic covariates, respectively. Across different
mortality prediction scenarios, CLOPPS, especially when employing the RWKYV classifier, consistently outperforms all
other models.

In Table 7, we include a comparison of CLOPPS performance against the baseline models, specifically in scenarios where
both data sources are available during inference. According to the results in Table 7, there are instances where some baseline
models achieve performance comparable to, or in rare cases, better than CLOPPS. This is primarily because, when both data
sources are available, the raw covariates tend to encompass the insights provided by our encoded features, leading to similar
performance levels in other baseline models. Despite this, it is important to note that in the majority of cases, as indicated in
Table 7, CLOPPS features contribute to an improvement in mortality prediction performance. These findings highlight the
robustness and adaptability of CLOPPS, demonstrating its effectiveness in a variety of data availability scenarios.
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Table 4. Tuning Results for d on the Private validation dataset. Throughout the tuning phase, setting w = 0 signifies the exclusion of Lp,.
Similarly, d = 0 indicates that L 7 is not incorporated. The best performances are highlighted in bold text.

d VALUE
M (YEARS) INFERENCE DATASET METRIC 0 6 12 18
NATIONAL DATA systen | AUC 0.7749 0.7754 0.7771 0.7754
05 AP 0.3246 0.3247 0.3257 0.3246
: DIALYSIS PROVIDER AUC 0.8108 0.8137 0.8132 0.8123
AP 0.3768 0.3812 0.3800 0.3777
AUC 0.7488 0.7490 0.7504 0.7490
| NATIONAL DATA SYSTEM — y p 0.4225 0.4218 0.4225 0.4231
DIALYSIS PROVIDER AUC 0.7816 0.7850 0.7843 0.7835
AP 0.4763 0.4796 0.4794 0.4782
AUC 0.7418 0.7425 0.7438 0.7421
; NATIONAL DATA SYSTEM — x p 0.6855 0.6846 0.6852 0.6849
AUC 0.7632 0.7654 0.7647 0.7639
DIALYSIS PROVIDER AP 0.7133 0.7144 0.7136 0.7130
AUC 0.7664 0.7672 0.7681 0.7656
s NATIONAL DATA SYSTEM 1 p 0.8086 0.8082 0.8091 0.8077
AUC 0.7816 0.7828 0.7829 0.7826
DIALYSIS PROVIDER AP 0.8197 0.8201 0.8203 0.8202
BEST PERFORMANCE COUNT 1/16(6.25%) 6/16(37.50%) 8/16(50%) 1/16(6.25%)

A straightforward approach to address the challenge of partial data availability during inference is to train models using
complete data sources, and then substitute (impute) the missing data with the mean values from the training dataset during
inference. We applied this method to Elastic Net and MLP on the Private dataset without shared (demographic) information,
and the results are presented in Table 8. For comparison, we also include the performance metrics of CLOPPS using MLP as
classifier in the same table. The results presented in Table 8 demonstrate that CLOPPS consistently outperforms the baseline
models, even when the baseline models employ this simple approach.

A.6. Full results on the Public Dataset

In this section, we provide a comprehensive comparison of CLOPPS against all baselines using the Public dataset (MIMIC-
II). Figure 10 provides a detailed performance comparison between CLOPPS, with various classifier options, and all
baseline models. The results in Figure 10 demonstrate that CLOPPS consistently outperforms all other baselines.

A.7. Transfer Learning Scenarios Simulation

In this section, we detail the methods employed to simulate prospective transfer learning scenarios and present the results.
Specifically, we allocated patient records that fully occurring before 2013 to the training set, amassing 12,916 samples for
training our framework. Further, the testing dataset comprises patient records that started and fully occurred after 2013, with
2,201 samples, to evaluate the efficacy of our trained framework. The detailed comparative results across different models,
as shown in Table 9, demonstrate that CLOPPS either outperforms or is comparable to other baseline models in simulated
transfer learning scenarios. This underscores the effectiveness of CLOPPS in real-world prospective scenarios.

A.8. Fine-tuning Results

In this section, we provide the performance comparison between the training mechanism introduced in Section 3.3 and
fine-tuning mechanism in Table 10. Fine-tuning mechanism refers to the initial training of our encoders, followed by a joint
fine-tuning phase of both the encoders and prediction head for each specific dataset. The comparative results indicate a
subtle difference between the two training strategies, thus indicating no additional gains from fine tuning.
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Figure 6. Sequence showcasing movement of digits 6 and 7. Throughout the frames, both numbers move randomly and eventually
intersect, signifying an event. Frame-specific labels are presented above each frame.

Figure 7. Censored sequence illustrating the movement of digits 3 and 5. The frames depict both numbers moving randomly without
intersecting, indicating the absence of an event. Labels specific to each frame are provided above each frame.

17






