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Abstract—Trauma mortality prediction from electronic health
records (EHRs) with machine learning models has received grow-
ing attention in medical fields, but EHRs in different hospitals
and sub-medical domain populations are often scarce due to ex-
pensive collection processes or privacy issues. Domain Adaptation
(DA) has emerged as a promising approach in computer vision
and natural language processing to improve model performance
in small data regimes by leveraging domain-invariant knowledge
learned from a different yet related large source dataset. However,
its applicability in trauma mortality prediction is challenging
since EHRs collected from different hospital systems encounter
feature disparity, i.e. distinct features between the source and
target domain data. This paper demonstrates the effectiveness
of three DA techniques in trauma mortality prediction, with
a private encoding strategy that maps EHRs in both source
and target domains with different raw features into the same
latent space to alleviate feature disparity issues. Our experimental
results on two real-world EHR datasets with various training
data scenarios show that DA can improve mortality prediction
consistently and significantly with private encoding. Finally, an
ablation study manifests the importance of modeling feature
disparity in DA, and 2-d t-SNE analysis explains its effectiveness.

Index Terms—Electronic Health Record, Mortality Prediction,
Domain Adaptation, Adversarial Learning, Contrastive Learning

I. INTRODUCTION

Trauma is the leading cause of death from age 15 to 49
worldwide, resulting in the death of more than 5 million people
each year [1]. After admission to intensive care units (ICUs),
most of these deaths occur in the first several hours or days.
Treatment decisions and actions in the first several minutes or
hours after injury are critical [2], and medical decision errors
are more likely to be made during this period than at later
times [3]. Thus, tools that can provide efficient and real-time
prediction are critical for clinicians to maximize the impact of
treatment and improve survival rates.

Machine learning approaches are increasingly being used to
detect adverse events in clinical settings. Different from risk
scores, e.g. Modified Early Warning Score (MEWS) [4], which
are developed on general populations with specific clinical
measurements, machine learning techniques can be customized
to different patient subpopulations or professional care facil-
ities by training models on different datasets [5]. Recently,
with the rapid development of deep learning (DL), a variety
of DL techniques and frameworks have been applied to clinical
predictions, such as in-hospital mortality prediction, length-of-
stay prediction and phenotype classification [6] [7], achieving

state-of-the-art performance. DL models often require a large
corpus of labelled training data to work well [8]. Therefore,
researchers often use DL approaches and draw conclusions
on the basis of large public electronic health record (EHR)
datasets, such as Medical Information Mart for Intensive Care
(MIMIC III) [9], assuming that sufficient training data is
available for different clinical tasks and the test set follows
the same distribution of training data. Nevertheless, models
trained on large public datasets often achieve suboptimal
performance when directly deployed to smaller private EHRs
due to distribution shift [10], e.g. differences in lab procedures
and instrumentation, injury types and population groups based
on location etc. On the other hand, only limited private EHRs
are available to serve as the training set at a single medical
system [5], especially when further narrowed into a medical
sub-domain, e.g. trauma, limiting possible application of DL
methods.

Domain adaptation (DA) is a subcategory of transfer learn-
ing that leverages knowledge from a different but related
source domain as additional information to improve model
performance for a target domain with limited training data
[11]. DA has made remarkable progress in computer vision
[12] and natural language processing [13]. Some prior works
[10][14][15] have also successfully applied DA to clinical
predictions across multiple hospital systems, assuming that
the distribution shift between the source and target domain
of EHRs is caused by heterogeneous patient populations
(covariate shift) and variations in data collection procedures
(systematic bias). However, these methods are used only on
datasets with overlapping features in both domains, and ignore
information provided by distinct features in the target and
source (feature disparity), which describe the characteristics
of different datasets and can be essential for prediction perfor-
mance. For example, clinicians tend to order particular blood
tests for trauma patients, compared to other ICU patients, to
identify disease states associated with coagulopathy [16], a
known contributor to trauma mortality [17]. Two challenges
remain to directly apply DA to multi-hospital system EHRs
with feature disparity in a target data scarcity setting. First, not
all clinical features included in the source and target datasets
are precisely the same, and even some overlapping features
collected from different hospital systems are represented in
different ways. Second, it is impracticable to align the target
and source distributions when the target training set is ex-
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tremely inadequate.
In this paper we aim to overcome the aforementioned

challenges to fully utilize DA techniques to improve DL
performance on a small target dataset, by leveraging domain-
invariant knowledge from another different yet related large
source dataset with feature disparity. Specifically, we introduce
the private encoding technique to map target and source
datasets from different feature spaces into the same hidden
representation space, and utilize pairing sampling techniques
[18],[19] to pair each target data point to abundant source data
points, to effectively align the target and source distributions
for applying different DA approaches. We demonstrate the
effectiveness of DA in mortality prediction for trauma patients
by taking feature disparity into account on two real-world
datasets. To summarize, our contributions include:
• We extend DA techniques with a proposed private encod-

ing to enable early-stage mortality prediction for trauma
patients in multi-hospital system EHRs with feature dis-
parity. To the best of our knowledge, this is the first paper
to consider feature disparity between the source and target
domain in leveraging DA methods.

• Experimental results on two small target datasets show
that DA techniques with our proposed methodology im-
prove mortality prediction performance consistently and
significantly in various training scenarios, with F1-scores
up to 100%.

• We provide an ablation study and a 2d t-SNE [20]
analysis on two datasets, which further underscores the
importance of modeling feature disparity and validates
the effectiveness of DA techniques, respectively.

II. RELATED WORK

Machine learning models have been trained for many clini-
cal tasks, with several public datasets available, e.g. MIMIC III
and eICU Collaborative Research Database (eICU-CRD)[21].
[22] presents benchmarking results for clinical prediction tasks
such as mortality prediction, length of stay prediction, and
ICD-9 code group prediction using the MIMIC III dataset.
[23] performs a length of stay prediction, utilizing a Bayesian
neural network, and conducts experiments on the eICU-CRD
datasets. Although DL approaches attain state-of-the-art per-
formance in medical domains, most of the works are only
applied to large EHRs but difficult to yield similar performance
when retrospective data are limited, which is common in real-
world hospital settings.

DA leverages knowledge from a source domain to improve
a target domain performance with limited training data, and
has been applied in computer vision [12] and natural language
processing [13]. One of the simplest DA methods is fine-tuning
(FT) [24], which first pretrains model parameters on a source
dataset and then updates them with a target dataset. Although
widely used [25], FT tends to be sub-optimal, especially when
target training data is insufficient [18], due to catastrophic
forgetting [26]. More advanced techniques have been proposed
to deal with the challenge in few-shot scenarios. In particular,
[19] proposes a Siamese architecture [27] to address visually

supervised DA by learning an embedding subspace, in which
mapped raw feature domains are semantically aligned but
maximally separated with few labeled target data samples
available. Under the same few-shot learning scenario, [18]
provides a framework to exploit adversarial learning to identify
the embedding subspace for feature alignment. However, it is
not immediately apparent how to apply these methods to multi-
hospital system EHRs with feature disparity because these
EHRs are within a different input space.

For DA in multi-hospital system EHRs, [10] shows the
effectiveness of FT on mortality prediction by pretraining
on MIMIC III or eICU-CRD and fine-tuning on the other
one with overlapping features. [14] seeks domain-invariant
representations between two systems by adversarial learning
for clinical task predictions. [15] proposes two causes of
discrepancies between multi-hospital system EHRs: 1) covari-
ate shift, caused by different patient distributions in different
hospitals, and 2) systematic bias, caused by different adminis-
trative policies and workflows of different medical systems.
However, they utilize only target and source datasets with
overlapping features, and ignore the feature disparity among
EHRs. This can significantly degrade performance in the target
domain since the information provided by overlapping features
between source and target is limited, and distinctive properties
provided by domain-specific features are not fully utilized.

III. BACKGROUND

Mortality Prediction Let X |d| be a |d|-dimensional space,
where d is a selected feature set based on particular hospital
systems and/or sub-medical domains, and x is a data vector
which represents clinical measurements, taking values in X |d|
following distribution p(x). Supposing that y ∈ {0, 1} is
the binary outcome indicator for each sample, where y = 0
and y = 1 denote discharge and death respectively, we can
represent an EHR dataset as a collection of N i.i.d. samples
D = {xi, yi}Ni=1.

In early-stage mortality prediction, given selected clinical
measurements x in the first several hours after admission, we
would like to predict whether a patient will die after certain
periods:

y = Φ(x), (1)

where Φ is a probabilistic model. In this paper, we focus on
the training data scarcity scenario for the problem of interest.

DA in EHRs To learn a representative Φ in Eq. 1 in a data-
scarce EHR dataset, given that another relevant and large EHR
dataset is accessible, we cast the problem in terms of a DA
problem. In the DA setting, we have a source dataset Ds =
{(xsi , ysi )}Ns

i=1, where xsi ∈ X |ds|, and a target dataset Dt =
{(xti, yti)}

Nt
i=1}, where xt

i ∈ X |dt|, with Ns � Nt. Our goal is
to produce an accurate survival outcome on the target domain
t with training data scarcity, by leveraging knowledge from
the source domain s with a sufficient amount of available data
information, but with feature disparity, i.e. |ds ∪ dt| < |ds|+
|dt|, |ds| > |ds ∩ dt| and |dt| > |ds ∩ dt|.
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IV. METHODOLOGY

In this section we introduce the private encoding technique
to deal with feature disparity between multi-hospital system
EHRs, and explain how it is equipped with three DA ap-
proaches: FT, ALPCA [18] and CLPSA [19] to fully utilize
source knowledge and improve prediction performance in the
target domain during inference.

A. Private Encoding

There is no universal representation for raw features in
EHRs. We have X |ds| 6= X |dt|, given that EHRs from
different hospital systems or sub-domain populations meet
discrepancies. To leverage DA, which requires target and
source representations in the same space, we define a new
space X̃ as the hidden feature space. Instead of obtaining the
space utilizing only overlapping features between domains,
private encoders, Ks and Kt, map all selected features, xs
and xt from X |ds| and X |dt|, respectively, to X̃ to obtain the
hidden feature vectors x̃s and x̃t, by

x̃s = Ks(xs) (2)

x̃t = Kt(xt), (3)

following distributions p(x̃s) and p(x̃t). We assume that there
is a covariate shift [28] between x̃s and x̃t, such that the
distribution p(x̃s) 6= p(x̃t) in X̃ . Encoding all selected features
in both domains encourages x̃s and x̃t to have more compre-
hensive representations for corresponding domains, and can
further improve the mortality prediction performance.

B. DA techniques with private encoding

DA approaches attempt to align the distributions of the
source and target domains to obtain more domain-invariant
information from the source, improving model performance
in the target domain when training data is scarce. To utilize
DA techniques in EHRs with feature disparity, we first map
both source and target domain data into the same hidden space
by private encoders, and then utilize two more components
for both domains: shared encoders Hs, Ht : X̃ → Z , which
take outputs from the source and target private encoders,
respectively, to obtain shared domain-invariant representations;
and classifiers, Cs, Ct : Z → Y , which take outputs from
Hs and Ht to predict mortality for the source and target
domains, respectively. To improve mortality prediction in the
target domain, we optimize binary cross entropy losses in both
domains,

ŷ = C(H(x̃)), (4)

LC = −
[
y log (ŷ) + (1− y) log(1− ŷ)

]
, (5)

with different DA techniques, where ŷ, H and C are symbolic
representations of the predicted mortality, shared encoders and
classifiers, respectively, for both the source and target domains.
To encourage representations of the source and target towards
becoming domain-invariant in the embedding space Z , we
share parameters between Hs and Ht, i.e. Hs = Ht = H .
To ensure that representations carry the domain-specific char-
acteristics of source and target in Y , we set Cs 6= Ct.

Fine-tuning (FT) FT is one of the most direct ways to apply
DA. Specifically, FT is a method that adopts a model that has
already been trained for a given task, and tunes or tweaks
the model to perform on a second different but related task
[29]. Here, we first pretrain networks with the source data for
mortality prediction,

ŷs = Cs(Hs(x̃s)), (6)

and then fine-tune with the available target data,
ŷt = Ct(Ht(x̃t)), (7)

where Ht is initialized by Hs from Eq. 6.

Adversarial Learning with Pairing Classes Alignment
(ALPCA) Traditionally, adversarial learning [30] introduces
a min-max game training strategy to obtain domain-invariant
knowledge by seeking a discriminator, D, that can identify
samples from source and target distributions. After D is
learned, H , in the role of a generator, is updated to render
D unable to distinguish samples from the source and target
domains. However, due to data scarcity, H cannot estimate
the target population accurately. Even with a perfect H , i.e.
D cannot distinguish whether a sample is from the source
or target domain, H still cannot guarantee that samples from
different domains but with the same class label will map
nearby in the embedding space, since no class information is
provided to D in standard adversarial training[18].

We follow [18] to alleviate the target training sample
shortage issue in adversarial domain adaptation and encourage
networks to learn the properties of death and discharge patients
in two domains. Specifically, a pairing strategy [18] is used
to overcome the scarcity of training data by creating four
groups based on domain and class information, and a multi-
class discriminator D [18] is introduced by distinguishing four
pairing groups to encourage H to generate domain-invariant
representations with class information.

As shown in Fig. 1 (encouraged by [18]), two groups
(G1 and G2) consist of positive pairs and two (G3 and G4)
consist of negative pairs. Each positive pair is composed
of two samples with the same class, either death-death
or discharge-discharge; while each negative pair
is composed of two samples with different classes, i.e.
death-discharge. Pairs in G1 and G3 consist of items
both from the source domain, generated by randomly pairing
samples drawn from the source distribution based on class
information; while pairs in G2 and G4 consist of one item from
the source and another from the target distribution, created
by pairing each target sample with a number of randomly
drawn source samples based on classes. In G1 and G2, we gen-
erate death-death and discharge-discharge with
approximate ratio 1 : 1 to encourage the networks to learn
more similarity information between death patients, which
is hard to achieve with very imbalanced medical data. We
construct each group of the same size for training D by
matching the other three groups’ size with the smallest one.

As demonstrated in Fig. 2, H tries to fool D by taking
hidden representations from corresponding private encoders
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Fig. 1: An example illustration of pairs in four groups for
ALPCA.
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Fig. 2: ALPCA with a discharge-death example from
G4.
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Fig. 3: CLPSA with a negative example.

(Ks and Kt) and outputting domain-invariant feature rep-
resentations. D takes the concatenation of domain-invariant
representations to distinguish which group a sample pair
comes from, trained via a standard cross entropy loss,

LD = −E
[ 4∑

i=1

yGi log(D(H(K(Gi))))
]
, (8)

where yGi denotes the label of group i = 1, 2, 3, 4, and K
denotes a symbolic representation of private encoders based
on different pair groups, i.e. K is two Ks for G1 and G3,
while one Kt and one Ks for G2 and G4. To output domain-
invariant representations carrying class information, H fools
D to identify sample pairs from G2 as G1, and pairs from G4
as G3, so that target samples can have indistinguishable repre-
sentations with more diverse source samples. Mathematically,
H along with Kt and Ks are updated, with
LG = −E

[
yG1 log(D(H(K(G2)))) + yG3 log(D(H(K(G4))))

]
.

(9)

Minimizing (9) together with the source and target classifi-
cation losses,

LG&C = αLG + βLCs + LCt , (10)

where α and β are hyper-parameters, encourages networks to
obtain domain-invariant representations with class information
and achieve good performance on classification tasks by
considering distribution differences in Y , simultaneously.

Contrastive Learning with Pairing Semantic Alignment
(CLPSA) Instead of training an additional D for aligning the
feature distributions in Z to achieve the goal of DA, CLPSA

[19] learns Z by pulling samples from different domains
but the same class as close together as possible yet pushing
samples from different domains and classes as far away as
possible. Following [19], as shown in Fig.3, H takes x̃s and
x̃t to obtain domain-invariant representations by training with
contrastive semantic alignment losses, consisting of a semantic
alignment loss LSA and a separation loss LS .

Specifically, to align the distributions of samples in the
embedding space, a semantic alignment loss is introduced,

LSA =

1∑
a=0

d(p(H(x̃s
a)), p(H(x̃t

a))), (11)

where x̃s
a and x̃ta are vectors from the source and target

domains in X̃ belonging to the same class a. d is a metric
to measure the distance between the distributions of x̃sa and
x̃ta in Z . LSA prompts samples with the same class from two
different domains to map nearby in the embedding space.

Although pulling the same class samples from different
domains close together in the embedding space encourages
target groups to obtain information from similar points in
the source, minimizing LSA does not guarantee that points
in different classes from two domains are separated enough,
which would significantly degrade performance in the target
domain. Therefore, we leverage a separation loss,

LS =

1∑
a=0,b=0|a6=b

k(p(H(x̃s
a)), p(H(x̃t

b))) (12)

where k is a metric to measure the similarity between the
distributions x̃sa and x̃t

b in Z . LS encourages class separation
by pushing the representations of different classes in two
domains farther away, i.e. adding a penalty if the distance
between distributions p(H(x̃s

a)) and p(H(x̃tb)) is small.
Finally, CLPSA is jointly trained with classification losses

from both domains and contrastive semantic alignment losses,
LCCSA = LCt + γLCs + δ(LSA + LS), (13)

where γ and δ are hyper-parameters.
Similar to ALPCA, it is difficult to minimize Eq.13 when

the target training data is scarce because LSA and LS depend
on calculating distances and similarities between distributions,
and those need to learn with sufficient samples. Therefore we
pair each target sample to a large number of randomly se-
lected source samples and compute average pairwise distances
between positive pairs

d(p(H(x̃s
a)), p(H(x̃t

a))) =
∑
i,j

d(H(x̃si ), H(x̃tj)), (14)

where ysi = ytj = a; or similarities between negative pairs

k(p(H(x̃s
a)), p(H(x̃t

b))) =
∑
i,j

k(H(x̃si ), H(x̃tj)), (15)

where ysi = a 6= ytj = b, between points in the embedding
space to achieve semantic alignment. Here, the ratio between
positive and negative sample pairs is 1:1, and the ratio between
the death-death and discharge-discharge pairs is
also 1:1 in the positive group, to encourage the network to
learn more information from the records of patients that died,
in an imbalanced dataset.
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We implement LSA and LS with contrastive loss following
[31]

d(H(x̃si ), H(x̃tj)) =
1

2
‖H(x̃si )−H(x̃tj)‖2, (16)

k(H(x̃si ), H(x̃tj)) =
1

2
max(0,m− ‖H(x̃si )−H(x̃tj)‖)2, (17)

where ‖·‖ denotes the Frobenius norm and m is a margin to
define the separability in the embedding space.

V. EXPERIMENTS

A. Datasets

We conducted experiments on a source dataset extracted
from MIMIC III and two target datasets: the UCSF dataset and
the EICU dataset. For the missing data issue [32], each dataset
was preprocessed in the same way. First, we excluded patients
with more than 50% of features missing, and then we applied
MICE [33] data imputation for the remaining missing values.
The statistics of these processed datasets are summarized in
Table I, and details are described below.

TABLE I: Dataset Statistics
Source Target

MIMIC III UCSF EICU

# patients 29914 2069 2565
# death 3063 342 204

# discharge 26851 1727 2361
# feature 21 31 35

#overlapping 21 18 12

MIMIC III is a public data source of de-identified EHRs,
which contains 53,423 patients admitted to ICUs at a Boston-
area hospital from 2001–2012 [9]. We extracted the data fol-
lowing [34] and selected the 17 most common clinical features
(e.g. heart rate, blood pressure, temperature and respiratory
rate, etc.), as well as 4 demographic features (ethnicity, gender,
age and weight) for the mortality prediction. As we focus on
prediction with early-stage measurements, we took the first
appearance of each clinical feature measurement in the first
two hours after admission if it is available; otherwise, it was
regarded as a missing value. After data preprocessing, the
source dataset consisted of 29914 patients with 21 features
in total. We randomly selected 80% of the data points as the
training set, and the rest as the validation set.
UCSF Dataset, collected from the UCSF/San Francisco Gen-
eral Hospital and Trauma Center, contains 2,190 patients
admitted to a Level I trauma center. We selected demographic
information, injury score, physical vital signs and laboratory
results1 measured at the time of admission or during the first
two hours after admission, as features for mortality prediction.
After data preprocessing, we have 2,069 patients with 31 fea-
tures, including 18 features overlapping with MIMIC III. We
randomly selected 784 and 785 patients as the validation and
testing sets, respectively, and further randomly drew different
training sizes from the remaining patients to simulated data
scarcity at various levels.

1Lab tests focusing on trauma patients: Protein C, D-Dimer, ATIII, Factor
II, V, VII, VIII, IX and X

EICU Dataset is extracted from the eICU-CRD, a multi-center
ICU database with high granularity data for over 200,000
admissions to ICUs monitored by eICU programs across
the United States. We selected the first-time ICU admission
of each adult patient (age > 18) with a diagnosis related
to trauma. Then we queried the minimum and maximum
of clinical measurements (e.g. blood urea nitrogen, white
blood cell count and hemoglobin, etc.) and demographics
information taken in the first 24 hours of a patient’s ICU stay,
following the code shared by the eICU research community2,
to predict the mortality after the first admission day. After
data prepossessing, we have 2565 trauma patients with a
death and discharge ratio of approximately 1:12, and 35
features containing 12 overlaps with MIMIC III. 1032 and
1033 patients were randomly selected as validation and test
sets, and the remaining were randomly drawn for various
training size scenarios, which is the same as UCSF dataset.

B. Experiment settings

1) Evaluation Metric: We measured the performance of
three DA methods and baselines by the F1-score, with 0.5
as the prediction threshold following the previous work [35].

2) Model configurations:
• MLP-target (baseline): This is a multi-layer perceptron

(MLP) composed of Kt, H and Ct, trained only on the
target dataset.

• FT: An MLP model composed of Ks, H and Cs was
first pretrained on source data. The best performing
model, evaluated by the source validation set, was saved.
Then another MLP model composed of Kt, H and Ct

were trained on target data, with Kt and Ct randomly
initialized and H inherited from the pretraining step.

• ALPCA: As shown in Fig. 2, all six networks (Ks, Kt,
H , D, Cs and Ct) in the framework are MLPs with
random initialization, and the discriminator is trained with
Eq. 8. The other five networks are trained with Eq. 10
following standard adversarial training schema [30].

• CLPSA: As shown in Fig. 3, five networks (Ks, Kt, H ,
Cs and Ct) in the framework are MLPs with random
initialization. They are trained with Eq. 13.

For the neural networks above, we used batch normalization
to normalize the input layer by re-centering and re-scaling.
For fair comparison, we assigned the same structures for Kt,
H and Ct in the MLP-target and FT, respectively. In ALPCA
and CLPSA, Ks, Kt, H , Cs and Ct have the same structure
as FT. D in ALPCA is a two-layer MLP. The size of each
hidden layer in all networks was selected by grid search
among {8, 16, 32}. We implemented all models in PyTorch
[36] and all of the neural networks were trained with Adam
[37], whose learning rates were selected by grid search among
{0.0001, 0.0002, 0.0005}3.

2https://github.com/mit-lcp/eicu-code
3All other hyper-parameters, e.g. α, β and m etc. were selected by grid

search in the same ranges for fair comparison. We omitted these due to space
limitations.
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TABLE II: F1 comparison (%) of MLP-target, FT, ALPCA and CLPSA with different training data size on the UCSF and
EICU datasets. Mean values along with their standard deviations in the subscript were calculated with 5 data splits.

Training size 50 100 200 300 400 500
Dataset Model

UCSF

MLP-target 36.24.7 36.40.4 39.56.1 46.84.8 46.72.0 47.40.3
FT 50.37.1 51.47.7 58.14.6 59.94.4 60.12.8 58.02.6

ALPCA 48.67.3 57.52.1 59.41.4 60.41.2 59.90.9 60.71.7
CLPSA 52.33.4 54.24.3 59.32.6 62.32.3 64.51.5 63.72.2

EICU

MLP-target 17.77.7 20.62.7 21.41.3 21.91.9 20.41.7 22.31.4
FT 23.57.0 21.85.1 26.33.7 26.75.6 25.74.5 27.91.7

ALPCA 26.15.4 25.36.5 30.73.2 29.83.2 35.64.5 36.31.9
CLPSA 28.16.4 30.45.1 34.04.5 37.52.9 40.83.5 41.02.1

TABLE III: F1 comparison (%) of ablation study on three reasons for discrepancies of DA methods on the UCSF and EICU
datasets.

Model MLP-target FT ALPCA CLPSA
C-only S+C F+S+C C-only S+C F+S+C C-only S+C F+S+C

UCSF 47.40.3 29.02.2 38.93.5 58.02.6 54.64.1 55.61.7 60.71.7 54.82.1 53.72.6 63.72.2
EICU 22.31.4 18.30.7 18.30.7 27.91.7 17.340.8 15.53.11 36.31.9 16.52.4 15.80.7 41.02.1

C. Performance comparison

To evaluate three DA methods, we randomly selected
{50, 100, 200, 300, 400, 500} data points as the training set, to
simulate insufficient training data situations for both the UCSF
and EICU datasets. We randomly selected 5 data splits for
each training size scenario, and performed 10 different runs for
each of them. For each data split, we report the corresponding
testing set results based on the top 1 run on validation sets.
The mean value along with the standard deviation of these 5
data splits were calculated for each training data size.

Our results are summarized in Table II. All three DA
methods yielded better performance than the MLP-target in
both datasets across various training data scenarios, demon-
strating the effectiveness of DA in small training data regimes.
Both ALPCA and CLPSA achieved better performance than
FT. CLPSA outperformed ALPCA or achieved comparable
results in the UCSF dataset, and consistently performed better
than ALPCA in the EICU dataset, across the entire range
of training data sizes. The result that ALPCA underperforms
CLPSA may be primarily due to introducing an additional
network (discriminator), making the whole framework more
challenging to optimize, with more parameters to update [38].
Surprisingly, the three DA methods with 50 training data
points consistently outperformed the MLP-target with 500
training data points (10 times larger), which further strengthens
the powerful capability of DA in small EHR data regimes.

D. Ablation study on modeling feature disparity.

We have demonstrated the effectiveness of DA methods in
Table II, where feature disparity (F) is modeled by private
encoding strategy, as well as systematic bias (S) and covariate
shift (C). We denote this setting as F+S+C. To verify the
effectiveness of modeling feature disparity in DA, we consid-
ered two variants for both EHRs in the 500 patients training
data scenario. First, we considered both systematic bias and
covariate shift but not feature disparity, denoting as S+C. The
networks were trained on both the source and target data,
only including overlapping features and not sharing parameters

on private encoders. Second, we trained the networks on two
domains with overlapping features and shared parameters on
private encoders, counting only the discrepancies caused by
covariate shift, which is denoted as C-only.

Table III presents the results of our ablation study on three
different causes of discrepancies, as well as the MLP-target.
The empirical analysis shows that S+C is not always better
than C-only, or vice versa and they may even underperform
MLP-target, which utilizes all features in target domain includ-
ing overlapping ones. However, our method, F+S+C, consis-
tently yields significantly better performance than S+C and
C-only , demonstrating the importance of modelling feature
disparity in DA of multi-hospital systems EHRs, especially
when the overlapping features between systems are limited.

E. Analysis

To understand why DA improves prediction performance on
target datasets and why CLPSA yields the best performance
compared to other DA strategies, we further analyzed 2-
dimensional (2-d) embeddings of testing sets on the UCSF
and EICU datasets, respectively. Specifically, we obtain 2-d
embeddings by reducing high dimensional representations
before feeding into the Ct using t-SNE [39] in Scikit-learn
[40]. Then we calculate the average difference between
inter-cluster and intra-cluster distance in the death group,
which is more important than the discharge group in the
medical domain, yielding

ddiff = dinter − dintra =

∑n
i ‖ei − cdischarge‖

2 −
∑n

i ‖ei − cdeath‖
2

n
,

where n represents the number of patients who died, ei is
i-th patient’s 2-d embedding, and cdischarge and cdeath
are centers of the discharge and death clusters in the 2-d
embedding space, respectively. Inter-cluster distance is an
average distance between members of a cluster and another
cluster’s center; meanwhile, intra-cluster distance is an
average distance between members and their own center. We
want the inter-cluster distance to be large to push the cluster
far away from the other, but the intra-cluster distance to be
small to pull members in a cluster as close as possible. Thus
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TABLE IV: 2d t-SNE embedding distance evaluation of testing set in the UCSF and EICU datasets.
Training Size 50 100 200 300 400 500

Dataset Model

UCSF

MLP-target 5.7 5.9 5.1 8.2 9.3 8.3
FT 6.9 10.8 11.8 13.0 13.9 12.9

ALPCA 11.3 11.7 13.4 11.1 13.8 11.9
CLPSA 8.2 12.1 12.9 14.5 15.8 14.0

EICU

MLP -target −0.2 0.8 2.3 1.7 2.7 2.9
FT 3.7 3.6 4.7 3.1 3.6 6.1

ALPCA 4.2 4.6 4.9 3.1 7.1 3.3
CLPSA 3.6 5.5 4.1 5.0 7.2 6.5

(a) UCSF: MLP (b) UCSF: FT (c) UCSF: ALPCA (d) UCSF: CLPSA

(b%) EICU: FT (c%) EICU: ALPCA(a%) EICU: MLP (d%) EICU: CLPSA

Fig. 4: Testing set 2d t-SNE embedding for the UCSF and EICU dataset with the 500 training data scenario. The blue and
orange dots represent the discharged and dead patients, respectively.

the ddiff should be large to make the cluster easy to identify
by Ct.

Average ddiff results corresponding to various training data
sizes in Table II are summarized in Table IV. Consistent
with the F1 scores in Table II, CLPSA achieved a greater
or comparable ddiff, compared to other methods for both
the UCSF and EICU datasets, which indicates that hidden
representations generated by CLPSA are prone to be identified
by Ct compared to other models.

We further visualized the 2-d t-SNE of all models from the
same data split on both datasets with 500 training points in
Fig. 4. The 2d t-SNEs of death and discharge patients on both
the UCSF and the EICU dataset for MLP-target in Fig.(a) and
Fig.(a′) are almost overlapping, indicating that it is difficult to
find a straight line to distinguish the two groups, making Ct

prediction of mortality challenge. For the other DA models,
the cluster of the death group often aggregates at the right in
each plot, making it more straightforward to separate with the
discharge patients compared to the MLP-target, and illustrating
the reason for improvement by utilizing DA. Comparing the
2-d t-SNEs of different DA methods, we find that the cluster
of death patients with CLPSA in Fig.(d) and Fig.(d′) is more
concentrated than that with FT in Fig.(b) and Fig.(b′) and
with ALPCA in Fig.(c) and Fig.(c′), which explains the better
performance of CLPSA compared to other DA strategies.

VI. CONCLUSION

In this paper we showed how DA methodologies, in partic-
ular FT, ALPCA and CLPSA, can be used to improve the
performance of mortality prediction for trauma patients in
regimes with limited training data. In contrast to existing DA
methodologies in multi-hospital system EHR predictive tasks,
which consider only the discrepancies caused by covariate shift
and systematic bias, we bridge the gap of feature disparity by
introducing a private encoding strategy which maps clinical
measurements from different raw feature spaces to a hidden
feature space and follows with various DA techniques. Ex-
tensive experimental results on two datasets demonstrate the
usefulness of DA, and ablation studies and 2-d t-SNE analysis
further explain the effectiveness of private encoding and DA
methods, respectively.
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