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Abstract. In clinical deployment, the performance of a model trained
from one or more medical systems often deteriorates on another system
and such deterioration is especially evident among minority patients who
often have limited data. In this work, we present a multi-source adversarial domain separation (MS-ADS) framework which unifies domain adaptation and domain generalization. MS-ADS is designed to address two
types of discrepancies: covariate shift stemming from differences in patient populations, and systematic bias on account of differences in data
collection procedures across medical systems. We evaluate MS-ADS for
early prediction of septic shock on three tasks. On a task of domain adaptation across three medical systems, we show that by leveraging data
from multiple systems while accounting for both types of discrepancies,
MS-ADS improves the prediction performance across all three systems;
on a task of domain generalization to an unseen medical system, we show
that MS-ADS can perform better than or close to the gold standard supervised models built for the system; last but not least, on a task that
involves both domain adaptation and domain generalization: generalization to unseen racial groups across medical systems, MS-ADS shows robust out-performance by addressing covariate shift across different racial
groups and systematic bias across medical systems simultaneously.
Keywords: Domain Adaptation · Domain Generalization · Cross-racial
Transfer · Septic Shock.

1

Introduction

Machine learning is used increasingly in clinical care to improve diagnosis, treatment policy, and healthcare efficiency. Because machine learning models learn
from historically collected data, electronic health records (EHRs), populations
that are under-represented in the training data are often vulnerable to harm
by incorrect predictions. For example, between the two medical systems involved in this work, the percentages of White vs. African American are 71%
vs. 22.5% in Christiana Care whereas 91% vs. 3% in Mayo clinic. For certain
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diseases like sepsis, different racial groups often exhibit distinct progression patterns [35]. Therefore, a model that can leverage EHRs across multiple medical
systems to improve prediction among minority racial groups is needed. However,
EHRs across medical systems can vary dramatically because different systems
serve different demographic populations and often employ different infrastructure, workflows and administrative policies [1]. For this work, we refer to the
discrepancies caused by the heterogeneous patient populations as covariate shift
and those caused by incompatible data collection procedures as systematic bias.
We propose a multi-source adversarial domain separation (MS-ADS) framework which unifies domain adaptation and domain generalization. More specifically, MS-ADS separates the local representation of each domain from the global
latent representation across all domains to address systematic bias and leverages
multi-domain discriminator in conjunction with gradient reversal layer to address
the covariate shift across each pair of domains. More specifically, our MS-ADS
is built atop variational recurrent neural networks (VRNN) [5] due to VRNN’s
ability to handle variabilities in EHRs, such as missing data, and its ability to
capture complex conditional and temporal dependencies [26,39]; it is shown that
VRNN significantly outperforms commonly-used variations of RNN such as long
short-term memory (LSTM) on EHRs [16, 39]. The effectiveness of MS-ADS is
compared against another strong VRNN-based domain adaptation framework
called VRADA [28] for early prediction of a challenging condition in hospitals,
septic shock. Sepsis is a life-threatening condition caused by a dysregulated body
response to infection [32]. Septic shock is the most severe complication of sepsis,
associated with high mortality rate and prolonged length of hospitalization [32].
Timing is critical for this condition as every hour delay in antibiotic treatment
leads to 8% increase in the chance of mortality. Early prediction of septic shock is
challenging due to vague symptoms and subtle body responses [19]. Also, sepsis,
like cancer, involves various disease etiologies that span a wide range of syndromes, and different patient groups may show vastly different symptoms [35].
To investigate the early prediction of septic shock, we leverage EHRs collected from three large medical systems located in different parts of the US. The
effectiveness of MS-ADS is evaluated on three tasks involving domain adaptation
(DA), domain generalization (DG), or both. First, on a task of DA across three
medical systems, we compare MS-ADS against VRADA and a VRNN model
trained on all three domains and show that MS-ADS improves the prediction
performance across the three domains and outperforms all baselines. Further,
through visualization we show that MS-ADS indeed capture both covariate shift
and systematic bias. Second, on a task of DG to an unseen system, we evaluate
the performance of MS-ADSs trained with two medical systems on a third target
system. The results suggest that MS-ADS can perform as well as or better than
the gold standard: supervised model trained on the target domain. Finally, probably the most important, we evaluate MS-ADS on the task of generalization to
an unseen racial group across medical systems. We demonstrate that by treating
each medical system and each racial group as a separate domain, our MS-ADS
is capable of addressing both covariate shifts across different racial groups and
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systematic bias across medical systems. Our results suggest that MS-ADS significantly improves generalization performance to African American population
in Mayo as compared to the other baselines. Our contributions are:
– By tackling two different types of discrepancies, MS-ADS can effectively
leverage EHRs from multiple medical systems to improve prediction performance on each system individually and also combined.
– Domain-invariant representations generated by MS-ADS are generalizable
to new domains such that they perform close to or better than the gold
standard supervised models trained on those systems.
– By unifying DA and DG, as far as we know, MS-ADS is the first framework
that shows great potential on generalization to unseen racial groups across
medical systems.

2

Methodology

Problem Description We have K domains: {D1 , D2 , ..., DK } and a domain
contains n patient visits represented as X = {x1 , ..., xn }. Each visit xi is a multivariate time-series that is composed of T i medical events and can be denoted
i
as xi = (xit )Tt=1 where xit ∈ RD . Additionally, each visit has a visit-level outcome
label represented as Y = {y1 , ..., yn } where yi ∈ {1, 0} indicates the outcome
of visit i: septic shock or non-septic shock. By combining X and Y for each
i
domain, we have: Dk = {xiDk , yD
}nk , where nk is the number of visits in Dk ;
k i=1
nk
i
i
Here we assume each {xDk , yDk }i=1 is drawn from distribution pk (x, y) that is
different from {pj (x, y) : j 6= k}. Our objective is to minimize the discrepancies
between these K domains in a common latent space by aligning their latent
representations: zD1 , ..., zDK , so that to create a unified, generalizable classifier
C : z 7→ y that predicts
 the outcome optimally in all K domains. To do so, we
adversarially learn K
2 discriminators to minimize the distance between global
latent representations of each pair of domain zDi and zDj . We describe this
framework in detail in the following.
Multi-Source Adversarial Domain Separation (MS-ADS) Fig. 1 illustrates MS-ADS architecture: it separates one globally-shared latent representation for all domains from domain-specific (local) information. This architecture
would allow global information to be purified so that the discrepancies caused
by systematic bias are addressed. MS-ADS employs VRNN as the base model to
process sequential input EHRs. VRNN has an encode-decoder structure where
its four internal operations interact with each other to capture dependencies between latent random variables across time steps (please see [5] for more details).
MS-ADS ensures that the global latent representations are different from the
local ones by maximizing a dissimilarity measure. Additionally, multiple domain
discriminators and a label predictor are employed to ensure domain-invariant
and class-discriminative projection. In the following, we briefly describe the two
steps for training the MS-ADS framework.
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Fig. 1: Multi-Source Adversarial Domain Separation (MS-ADS) Framework

Step 1: Pre-train Source and Target VRNNs. Optimal local latent representations zlD1 , ..., zlDK are obtained by pre-training a local VRNN per each
domain separately. The VRNN’s loss objective (Llvrnn ) optimizes the inference
(encoder) and the generative (decoder) processes to minimize the reconstruction
loss [5].
Step 2: Discriminative Adversarial Separation. As shown in Fig. 1, MSADS is composed of the K pre-trained local VRNNs from step 1, and one global
VRNN that takes the concatenation of all K domains as input. The global
Encoder will generate global latent representations, and the global decoder reconstructs the input for each domain. The set of discriminators align the global
latent representations between every two domains from Di and Dj . Finally, the
unified classifier learns to predict the outcome labels using all latent representations regardless of their source domain. Following formalizes each component’s
loss objective.
1. Global and Local VRNNs: The parameters of local VRNND1 ,..., VRNNDK
are initialized based on the K pre-trained VRNNs to generate local representations: zlD1 , ..., zlDK . The global VRNN also takes concatenation of all
domain’s data as input and the global encoder generates zgD1 , ..., zgDK . Further, for optimizing reconstruction loss in each of the local and global VRNNs
we follow the original VRNN loss as follows:
Llvrnn (xD1 , ..., xDK ; Θl ) =

K
X
i=1

Lvrnn (xDi ; θei , θdi )

(1)
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Lgvrnn ([xD1 , ..., xDK ]; Θg ) = Lvrnn ([xD1 , ..., xDK ]; Θg )
where Θl =

K
S

5

(2)

(θei , θdi ) and Θg = (θeg , θdg ) indicate the local and global

i=1

VRNN parameters, respectively.
The main novelty of MS-ADS is to separate local and global features by
maximizing the distance between them so that they extract system specific
features such as systematic bias. To do so, we add a dissimilarity measurement between (zgDi , zlDi ) for all Di , i ∈ {1, ..., K} for each sample, defined
by a Frobenius norm which measures the orthogonality between global and
local representation from each domain. Let us denote matrix Z gDi as global
matrix of Di where each row j of it is composed of zgDi for sample j in this
domain. Similarly, Z lDi indicates local matrix of Di . Therefore, the difference
loss is defined as:
l

g

Ldiff (xD1 , ..., xDK ; Θ , Θ ) =

K
X

>

ZgDi ZlDi

i=1

2

(3)
F

2

where k·kF refers to the squared Frobenius norm where zero indicates orthogonal vectors. Finally, the overall separation loss is:
Lsep (xD1 , ..., xDK ; Θ) =Llvrnn (xD1 , ..., xDK ; Θl ) + Lgvrnn ([xD1 , ..., xDK ]; Θg )
+ αLdiff (xD1 , ..., xDK ; Θl , Θg ).
(4)
2. Classifier: A simple fully connected neural network is used as a classifier
that consumes the global latent representations from the last time step T .
This network is optimized based on the binary cross-entropy loss (LB ) for
all domains as:
Lclf (xD1 , ..., xDK ; θc , θeg ) =

K
X

LB (Cθc (Eg (xDi ; θeg )T ), yDi )

(5)

i=1

where θc indicates the classifier parameters.
3. Discriminator: To minimize the difference between source domains, we
propose to build a domain discriminator for each pair of domains. Therefore,
each discriminator Di,j is a fully connected neural network that takes the last
time step from global representations zgDi and zgDj as input to infer a domain

label. This will result in K
2 binary classifiers and the total discriminator
loss would become:

Ldisc (zgD1 , ..., zgDK ; θdisc )

 −1 K−1
K
X X
K
i,j
=
LB (Di,j (zgDi , zgDj ); θdisc
) (6)
2
i=1 j=i+1
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where θdisc
indicates the parameters of discriminator Di,j . The discriminator’s objective is to minimize this loss while the global VRNN tries to
maximize this loss. Therefore, the adversarial learning process captures the
notion of invariant latent representations between different domains. We have
explored multiple other discriminative adversarial learning designs for multisource problems such as a single discriminator with one vs. rest discrimination or with accumulated gradients [33, 38], but the results show that the
pairwise architecture performs the best.

Inspired by Ganin et al. [10] we use the gradient reversal layer (GRL) to effectively combine and optimize all three loss components using backpropagation.
GRL can be represented as R(x) with different forward and backward propagation behavior, where I is the identity matrix and λ is a constant (a specified
schedule during training can be used):
∂R
= −λI
(7)
∂x
The GRL would handle the gradients from the discriminators that should be
optimized in the reverse order and the overall optimization becomes:
R(x) = x;

arg

min Lsep (xD1 , ..., xDK ; Θ) + Lclf (xD1 , ..., xDK ; θc , θeg )+

Θ,θc ,θdisc

Ldisc (R(zgD1 ), ..., R(zgDK ); θdisc )

(8)

Equation 8 yields a multi-source domain adaptation framework that can separate domain-specific features from the globally-shared latent representations and
adversarially learn an invariant representation between each pair of the source
domains. We hypothesize that MS-ADS will address both systematic bias and
covariate shift effectively in a multi-source learning environment and builds a
unified classifier that is robust across all source domains. We assess this hypothesis through experimentation in the following sections.

3

Experimental Setup

Three EHR Datasets: 210,289 visits of adult patients (i.e. age > 18) admitted to Christiana Care Health System (CCHS) in Newark, Delaware (07/201312/2015); 106,844 adult patient visits from Mayo Clinic in Rochester, Minnesota
(07/2013-12/2015); and 53,423 ICU visits of patients admitted to Beth Israel
Deaconess Medical Center in Boston, Massachusetts (2001-2012), MIMIC-III
[15]. Note that the nature of MIMIC-III data is different from CCHS and Mayo.
To be consistent among all datasets, we define our target population as suspected
of infection, identified by administration of any anti-infectives, or a positive PCR
test result. This definition and the following data pre-processing steps are determined by three leading clinicians with extensive experience on this subject.
Labeling: We adopt the agreement between International Classification of Diseases, Ninth Revision (ICD-9) codes recorded in EHRs, and our expert-defined

Unifying Domain Adaptation and Generalization

7

rules based on the Third International Consensus Definitions for Sepsis and Septic Shock [32] to achieve the most reliable population across all datasets. Our
clinicians identify septic shock at event-level as having received vasopressor(s) or
persistent hypotension for more than 1 hour (systolic blood pressure (SBP)<90;
or mean arterial pressure<65; or drop in SBP>40 in an 8-hour window).
Sampling: Using the agreement criteria results in 2,963 positive cases in CCHS,
3,499 in Mayo, and 2,459 cases in MIMIC-III. To balance the number of positive
and negative cases, we perform a stratified random sampling by 1) maintaining
the same underlying age, gender, ethnicity, and length of stay distribution, and
2) having the same level of severity as positive samples. The severity of septic
shock visits is identified as the presence of different stages of sepsis in their visits:
infection, inflammation, and organ failure as defined by experts.
Aggregation: To align the sampling frequency across all datasets, we use a 30minutes aggregation window to summarized all records into a single event and
missing if none. Our feature set includes 7 vital signs (e.g.: SBP, Temperature),
2 oxygen information (FIO2 and OxygenFlow), and 10 lab results (e.g.: WBC,
BUN). To handle the remaining missing values, we first use expert rules to carry
forward vital signs (for 8 hours) and lab results (for 24 hours), then we apply the
mean imputation along with the missing indicator. Our experiments show that
this strategy will help VRNN address such variabilities in data more efficiently.
Prediction Task: Fig. 2 shows our
prediction task setup: using EHRs in an
observation window to predict whether
a patient is going to develop septic
shock n hours later; n varies from 24
to 72 hours denoted as prediction window and observation window is set to
be capped at 48 hours as suggested
by the leading physicians. All the sequences are aligned by their end time,
which is the shock onset for positive vis- Fig. 2: Septic shock early prediction task
its and a truncated time point for nonshock visits. To prevent the potential
bias in models, negative visits are truncated such that they have the same distribution of length as positives. As the prediction window expands, the number
of visits remaining in the observation window will drop. For a fair comparison,
we sample the same number of positive/negative visits in all domains. This results in 1,315 total visits from each domain for 24 hours early prediction and
620 visits for 72 hours. Therefore, as the number of samples decreases, it is more
crucial to integrate different domains to build more robust classifiers.
Parameters and Training: As illustrated in Equation 8, there are three sets of
parameters: discriminator (θdisc ), classifier (θc ), and VRNN (Θ) parameters optimized through a GRL for adversarial training using NAdam optimizer [34], with
learning rate αtotal = 8e−4 . Then the classifier and VRNN models are optimized
in an additional step to compete against the gradients from the discriminator,
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with learning rates: αc = 10e−4 , αVRNN = 10e−4 . In every epoch, the order of
optimization between the three optimizers is altered from the previous epoch to
prevent over-training of a specific network. All the models are implemented in
Tensorflow using mini-batch with batch size 32. The same experimental setup
is used for all the models with 160 epochs and early stopping. The VRNN’s
hidden size is set to 30 and the latent size is defined as 50. All the sequences
are zero-padded to have the same length and the zero-paddings are masked for
reconstruction loss calculation.
Evaluation Metrics: Our evaluation metrics include accuracy, recall, precision,
F1 score, and area under ROC curve (AUC) obtained from 2-fold cross-validation
in three independent runs. We mainly use F1 and AUC as the main metrics as
they offer a trade-off between precision, recall, and specificity.

4

Multi-Source DA across the Three Medical Systems

By leveraging data from multiple medical systems while accounting for both covariate shift and systematic bias across them, we expect MS-ADS would improve
the prediction performance across all three systems. Therefore, in this task, the
test set is composed of an equal number of visits from CCHS, Mayo, and MIMIC.
MS-ADS is compared against six baselines:
1.
2.
3.
4.

VRNN(CCHS): a VRNN trained on CCHS only.
VRNN(Mayo): a VRNN trained on Mayo only.
VRNN(MIMIC): a VRNN trained on MIMIC-III only.
VRNN(Separate): will use the individual VRNN trained above to predict the
corresponding test data.
5. VRNN(All): a VRNN trained on a combined data from CCHS, Mayo, MIMIC.
6. Multi VRADA [28]: a modified version of VRADA to address multi-source
DA by changing the domain classifier loss to categorical cross-entropy loss.

24 Hours Early Prediction: Table 1 presents the DA results for 24 hours
early prediction on the combined test data (ALL) first (top) and then on test
data in each system separately. The top row shows that 1) among the five nonadaptive baselines (1-5), VRNN(All) outperforms all single-domain VRNNs and
VRNN(Separate). This result suggests that a more effective classifier can be
achieved by leveraging more training samples; 2) By comparing the two multisource DA models against VRNN(All), we show that VRADA is not able to
outperform VRNN(All) while MS-ADS performs robustly and achieves the best
performance on all measures except on recall. The highest recall is achieved by
VRNN(MIMIC) at a cost of low precision.
The bottom three rows in Table 1 show whether the performance of these
models differ across different medical systems (domains). Due to the space limitation, for each domain, we only listed the performance of the corresponding
VRNN trained on the same domain compared with the best of the remaining
six models. Table 1 shows MS-ADS consistently to be the best model on CCHS
and MIMIC but for Mayo, VRNN (Mayo) has a higher F1 score and very close
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Table 1: Multi-source DA performance (± std) evaluated on integration of ALL domains and each domain separately for 24 hours early prediction task.
Test
Domain

ALL

Model
1.
2.
3.
4.
5.
6.
7.

1.
7.
2.
Mayo
7.
3.
MIMIC
7.
CCHS

Accuracy

Precision

Recall

F1 Score

AUC

VRNN(CCHS)
0.735(±0.012) 0.823(±0.019)
0.6(±0.048)
0.692(±0.026)
0.815(±0.014)
VRNN(Mayo)
0.741(±0.017) 0.753(±0.021)
0.718(±0.053)
0.734(±0.026)
0.81(±0.015)
VRNN(MIMIC)
0.732(±0.016) 0.677(±0.023) 0.894**(±0.037) 0.769(±0.009)
0.814(±0.015)
VRNN(Separate) 0.803‡ (±0.012) 0.817‡ (±0.017) 0.781(±0.037) 0.797‡ (±0.017)
0.864(±0.01)
VRNN(All)
0.795(±0.004) 0.791(±0.014)
0.801(±0.022)
0.796(±0.006) 0.882‡ (±0.003)
Multi VRADA
0.78(±0.029)
0.778(±0.046)
0.766(±0.034)
0.771(±0.021)
0.855(±0.031)
MS-ADS
0.81**(±0.011) 0.828**(±0.018) 0.782‡ (±0.027) 0.804**(±0.014) 0.893**(±0.009)
VRNN(CCHS)
MS-ADS
VRNN(Mayo)
MS-ADS
VRNN(MIMIC)
MS-ADS

0.778(±0.008)
0.777(±0.012)
0.731(±0.011)
0.73(±0.022)
0.9(±0.018)
0.921(±0.015)

0.833(±0.022)
0.791(±0.016)
0.732(±0.016)
0.752(±0.034)
0.888(±0.014)
0.935(±0.018)

0.698(±0.034)
0.75(±0.028)
0.729(±0.04)
0.688(±0.046)
0.917(±0.038)
0.907(±0.018)

0.759(±0.014)
0.77(±0.014)
0.73(±0.017)
0.718(±0.028)
0.902(±0.02)
0.921(±0.016)

0.837(±0.012)
0.862(±0.013)
0.795(±0.004)
0.796(±0.02)
0.961(±0.014)
0.974(±0.005)

· The best and the second best models are labeled with ** and ‡ , respectively.

Table 2: Multi-source DA performance evaluated for 24-72 hours early prediction.
Model
1.
2.
3.
4.
5.
6.
7.

Accuracy

Precision

Recall

F1 Score

AUC

VRNN(CCHS)
0.674(±0.04)
0.734(±0.055)
0.559(±0.052)
0.63(±0.041)
0.728(±0.046)
VRNN(Mayo)
0.66(±0.031)
0.678(±0.037)
0.624(±0.075)
0.645(±0.044) 0.712(±0.032)
VRNN(MIMIC)
0.689(±0.014)
0.633(±0.015) 0.909**(±0.029) 0.745(±0.009) 0.759(±0.016)
0.742(±0.031) 0.804(±0.023)
VRNN(Separate) 0.755‡ (±0.025) 0.775‡ (±0.031) 0.719(±0.053)
VRNN(All)
0.749(±0.012)
0.757(±0.021)
0.743(±0.051) 0.747‡ (±0.019) 0.835‡ (±0.01)
3-d VRADA
0.746(±0.021)
0.751(±0.034)
0.739(±0.043)
0.743(±0.022) 0.829(±0.024)
MS-ADS
0.771**(±0.016) 0.782**(±0.016) 0.75‡ (±0.033) 0.765**(±0.02) 0.85**(±0.012)

· The best and the second best models are labeled with ** and ‡ , respectively.

AUC score to MS-ADS. Additionally, MIMIC data has extremely good results
while the performance on Mayo is the worst. Such results suggest that early
sepsis shock prediction is relatively trivial for MIMIC dataset probably because
MIMIC only includes ICU visits. Therefore, in the following, we mainly focus on
generalization to CCHS and Mayo only.
Varying 24-72 Hours Early Prediction: Table 2 shows the average performance by varying the prediction window from 24 to 72 hours, with every 12
hours interval. For each prediction window, our test set has an equal number
of visits from each domain. Table 2 shows MS-ADS significantly outperforms
all other baselines including VRADA and VRNN(All) for all metrics except recall. VRNN(MIMIC) performs with the highest recall across all domains, but
at the cost of very low precision. Comparing VRNN(Separate) with MS-ADS
shows a ∼3% improvement for recall and ∼4.5% improvement for AUC across
all three domains. This result demonstrates that by integrating EHRs across
medical systems, MS-ADS can address insufficient labeled data problems and
by adopting an effective domain adaptation architecture, MS-ADS can address
both systematic bias and covariate shift across medical systems.
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(a) Original space

(c) Local CCHS

(b) Latent space

(d) Local Mayo

(e) Local MIMIC

(f) Global

Fig. 3: Visit-level t-SNE visualization of (a) Original vs. (b) Latent space of MS-ADS.
(c)-(e) show domain-specific representations while (f) illustrates the globally-shared
representation. Solid dots represent septic shock visits.

Visit-level Visual Investigation. Fig. 3 illustrates t-SNE visualization of the
original and latent representation of all visits for 24 hours early prediction. In all
graphs, different colors represent different medical systems and solid and hollow
points represent shock and non-shock visits, respectively. Fig. 3a illustrates the
original space and 3b shows that the latent space generated by MS-ADS can
separate the three local representations (c), (d), (e) (enlarged in Fig. 3c-3e)
from the global ones (f) (enlarged in Fig. 3f). Fig. 3c-3e suggests that MS-ADS
can address systematic bias effectively while Fig. 3f shows that in the global
space, samples from different domains are close together and mostly aligned and
mixed. This shows that MS-ADS can address covariate shift effectively as well.
Event-level Visual Investigation. Further, we look at the original and global
latent space at the event level to validate if covariate shift is addressed by MSADS along the temporal axis. We select two similar septic shock visits across
CCHS and Mayo such that both develop inflammation and multiple organ failure
symptoms within the observation window. Fig. 4 shows these two traces (CCHS
(red) and Mayo (blue)) in the original and global latent spaces. Despite their
similarity, their progression deviates in the original space while in the latent
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Fig. 4: Event-level t-SNE visualization of Original (left) vs. Global Latent (right) representation of MS-ADS on CCHS and Mayo. Red (CCHS) and Blue (Mayo) traces
show sepsis progression of two similar patients.

Table 3: DG performance to unseen target domains for 24 hours early prediction.
Unseen
Model
Accuracy
Target
MIMIC + Mayo
VRNN
0.747(±0.02)
VRADA 0.763‡ (±0.021)
MIMIC + Mayo
CCHS
MIMIC + Mayo
MS-ADS 0.764(±0.017)
CCHS
VRNN 0.778(±0.008)

0.739‡ (±0.041) ↑0.77(±0.028) 0.753(±0.011)
0.739(±0.043) ↑0.826(±0.048) ↑0.778(±0.013)
0.74(±0.027) ↑0.813‡ (±0.023) ↑0.774‡ (±0.013)
0.833(±0.022) 0.698(±0.034) 0.759(±0.014)

CCHS + MIMIC
CCHS + MIMIC
CCHS + MIMIC
Mayo

0.725‡ (±0.036) 0.644(±0.066) 0.678‡ (±0.028) 0.763‡ (±0.018)
0.702(±0.035) 0.608(±0.072)
0.65(±0.055)
0.739(±0.039)
↑0.796(±0.025) 0.62‡ (±0.011) 0.697(±0.01) ↑0.8(±0.014)
0.732(±0.016) 0.729(±0.04)
0.73(±0.017)
0.795(±0.004)

Source

Mayo

VRNN
VRADA
MS-ADS
VRNN

0.698(±0.014)
0.678‡ (±0.039)
↑0.73(±0.012)
0.731(±0.011)

Precision

Recall

F1 Score

AUC
0.831(±0.015)
↑0.846‡ (±0.017)
↑0.851(±0.008)
0.837(±0.012)

· In each block, the best performance is in bold; Models that outperform the gold
standard (bottom) are labeled with ↑.

representation their temporal progression is aligned. This further demonstrates
the effectiveness of MS-ADS in addressing covariate shift at a temporal level.

5

Domain Generalization to Unseen Medical System

In the second task, MS-ADS is trained on EHRs from two medical systems and
evaluated on an unseen target system: CCHS or Mayo. MS-ADS is compared
against two baselines: a VRNN trained on the combination of two source domains and the original VRADA applied for DA across the two domains. Table
3 presents the generalization performance of all three models for 24 hours early
prediction. Table 3 shows MS-ADS outperforms the two baselines for most metrics in both target domains. Finally, we also compared them against the gold
standard supervised VRNN model trained on the target domain (last row in
each section), Table 3 shows that MS-ADS outperforms the supervised VRNN
for AUC metric in both target domains.
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Table 4: VRNN performance trained and tested on different racial groups across medical systems for 24 hours early prediction.
Train Domain Test Domain

Accuracy

Precision

Recall

F1 Score

AUC

CCHS(WA)

CCHS(WA)
CCHS(AA)

0.888(±0.014) 0.869(±0.025) 0.916(±0.017) 0.891(±0.013) 0.956(±0.008)
0.885(±0.011) 0.874(±0.018) 0.9(±0.004) 0.887(±0.01) 0.946(±0.007)

Mayo(WA)

Mayo(WA)
Mayo(AA)

0.841(±0.038) 0.83(±0.043) 0.86(±0.039) 0.844(±0.036) 0.909(±0.03)
0.809(±0.025) 0.821(±0.042) 0.813(±0.038) 0.816(±0.024) 0.847(±0.038)

CCHS(AA)
CCHS(WA+AA)

Mayo(AA)
Mayo(AA)

0.715(±0.031) 0.751(±0.031) 0.68(±0.061) 0.712(±0.038) 0.811(±0.037)
0.792(±0.032) 0.834(±0.048) 0.753(±0.054) 0.79(±0.034) 0.872(±0.021)

Table 5: Generalization performance to unseen African American (AA) patients in
Mayo using 2-domains and 3-domains.
Train Domains

Model

Accuracy

Precision

Recall

F1 Score

VRNN(All) 0.844(±0.031) 0.895(±0.012) 0.793(±0.075) 0.839(±0.04)
CCHS(WA + AA), Mayo(WA)

2-d VRADA 0.87(±0.025)

AUC
0.913(±0.01)

0.87(±0.034) 0.873(±0.063) 0.87(±0.029) 0.922(±0.021)

2-d MS-ADS 0.854(±0.017) 0.901(±0.033) 0.813(±0.068) 0.852(±0.026) 0.914(±0.012)
CCHS(WA), CCHS(AA), Mayo(WA)

3-d VRADA 0.847(±0.016) 0.861(±0.033) 0.847(±0.049) 0.852(±0.017) 0.917(±0.034)
3-d MS-ADS 0.87(±0.012) 0.876(±0.007) 0.876(±0.035) 0.875(±0.014) 0.947(±0.005)

· The best overall performance is in bold..
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Unseen Racial Group across Medical Systems

In this task, we focus on two racial groups: White American (WA) and African
American (AA). Table 4 compares the performance of models that are trained
and tested on different racial groups across medical systems. Table 4 shows that
while the model trained on CCHS(WA) performs equally well on CCHS(WA)
and CCHS(AA); the model trained on Mayo(WA) performs much better on
Mayo(WA) than Mayo(AA). This is probably because the percentages of WA
and AA are more balanced than those of Mayo: 71% vs. 22.5% in CCHS while
91% vs. 3% in Mayo. The last block in Table 4 shows transfer across medical
systems. The model trained on CCHS(AA) does not perform well on Mayo(AA)
probably due to systematic bias across medical systems while adding CCHS(WA)
to the training population can help predictions on Mayo(AA) probably because
of more training data. As a result, our training domain settings will involve WA
in Mayo and WA and AA in CCHS.
Table 5 compares the generalization performance on Mayo(AA) by using two
training domains: CCHS (WA+AA) and Mayo (WA) (upper) vs. three training
domains: CCHS (WA), CCHS(AA), and Mayo (WA) (bottom). For the twodomain generalization, MS-ADS is compared against the best non-DA baseline:
VRNN(All) and VRADA. Table 5 shows that both VRADA and MS-ADS outperform the VRNN(All) and VRADA achieves the best F1 and AUC. When
we conduct the same task by using three domains, the bottom block in Table
5 shows that the performance of VRADA suffered while the performance of
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MS-ADS improved. Indeed, Table 5 shows that the F1 and AUC of 3-domain
MS-ADS on Mayo(AA) are 0.875 and 0.947, catching up with the other three
racial groups across the two systems. We argue the effectiveness of 3-domain
MS-ADS over 2-domain MS-ADS is probably because the former can leverage
1) Mayo(WA) (same system different race), 2) CCHS(AA) (same race, different
system), 3) the DA mechanism learned from unifying AA and WA in CCHS
(addressing covariate shift within the same system), and 4) the DA learned from
unifying WA between CCHS and Mayo (addressing systematic bias in the same
racial group).

7

Related Work

Septic Shock Early Prediction: A variety of machine learning models have
been developed to predict septic shock several hours before the onset. Among traditional approaches, multivariate logistic regression and survival analysis models
have been proposed for early detection [14,31]. Moreover, sequential pattern mining approaches have shown to be effective for early prediction of septic shock
while producing explainable patterns [12, 17]. Recently, various deep learningbased approaches have been proposed, especially variations of recurrent neural
networks such as LSTM, and they have shown promising power in predicting
septic shock several hours before the onset [22, 40, 41]. Despite the great power
of LSTM models, they are not designed to address the high missing rate in
EHR [18]. Variational recurrent neural network (VRNN) [5] is recently proposed
to model complex temporal and conditional dependencies in sequential data and
account for variabilities, like missing data, and has shown great promise [4,26,39].
Multi-source Domain Adaptation: The majority of existing DA work either addresses this problem by generating an invariant feature space for all pairs
of source-target distributions [27, 43] or constructs the target distribution as a
weighted combination of source distributions [23, 37]. For example, VRADA is
a VRNN-based DA that has been applied to EHRs from different groups of
patients and it has shown significant improvement in creating domain-invariant
representations using adversarial learning [28]. In this work, we further expanded
VRADA’s architecture to address multi-source DA problems and use it as a
baseline. These studies treat multiple medical systems as “source” domains to
improve the prediction performance in a specific “target” medical system. By
treating all domains equally, a group of DA studies aim at learning a unified
minimal risk model from multiple domains [6, 8, 30]. While the majority of such
DA research is conducted in computer vision and text classification, a few studies have proposed DA approaches to integrate EHRs across multiple medical
systems and improve prediction in a target domain by addressing covariate shift
and feature mismatch [36,38]. All existing approaches have shown great power in
accounting for the covariate shift but not domain-specific characteristics or systematic bias that should not be unified across domains. Our MS-ADS model is
capable of integrating multiple medical systems to build a robust unified model
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that improves prediction across all systems while accounting for the covariate
shift and systematic bias simultaneously but differently.
Domain Generalization aims to learn a model from an arbitrary number
of source domains such that it can generalize to previously unseen target domains [9, 13, 29]. One class of approaches proposes to learn domain-invariant
representations by minimizing domain mismatch across source domains, similar to DA approaches [11, 21, 25]. For example, Motiian et al. propose a unified
DA and DG model exploiting Siamese architecture using a contrasting loss to
minimize the distance between samples from the same class but in different
domains [24]. Another type of DG method utilizes meta-learning techniques
to synthesize domain shift and directly learn and optimize for generalization
task [3, 7, 20]. Despite the critical application of DG in clinical deployment, especially in presence of limited data, this problem is still under-explored.
Further, to close the gap between performances among different groups of
patients, previous studies have explored DA approaches to account for the covariate shift between groups within a medical system [2,28]. For example, Zhang
et al. proposed a time-aware adversarial LSTM network to transfer knowledge
across different racial, age, and gender groups and improve prediction for minority groups [42]. As far as we know, this study is the first that investigates
DG to simultaneously address the covariate shift across different racial groups
and systematic bias across medical systems to generalize robustly and improve
prediction among minority groups.

8

Conclusion

In this work, we propose a multi-source adversarial domain separation (MSADS) framework that unifies domain adaptation (DA) and domain generalization (DG) by accounting for systematic bias across medical systems and covariate
shift among different patient groups to achieve a robust generalization. In specific, MS-ADS separates the global representation of each domain from the local
ones to address systematic bias and leverage a multi-domain discriminator with
Gradient Reversal Layer (GRL) to account for the covariate shift. We evaluate
MS-ADS in three tasks for septic shock early prediction using EHR from three
medical systems. First, on a task of DA across three medical systems, we show
that the effective adaptation under MS-ADS leads to performance improvement
in all three domains. Second, on a task of DG to an unseen medical system,
we demonstrate the generalization power brought by MS-ADS architecture by
comparing and showing its robustness against a gold standard supervised model
on the target domain. Lastly, on a task of generalization to unseen racial groups
across the medical system, we show that unifying DA and DG MS-ADS can
significantly improve prediction among minority racial groups.
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