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Sepsis is alife-threatening condition with a high in-hospital mortality
rate. The timing of antibiotic administration poses a critical problem
for sepsis management. Existing work studying antibiotic timing either

ignores the temporality of the observational data or the heterogeneity

of the treatment effects. Here we propose a novel method (called T4) to
estimate treatment effects for time-to-treatment antibiotic stewardship in
sepsis. T4 estimates individual treatment effects by recurrently encoding
temporal and static variables as potential confounders, and then decoding
the outcomes under different treatment sequences. We propose mini-batch
balancing matching that mimics the randomized controlled trial process

to adjust the confounding. The model achieves interpretability through
aglobal-level attention mechanism and a variable-level importance
examination. Meanwhile, we equip T4 with an uncertainty quantification

to help prevent overconfident recommendations. We demonstrate that T4
canidentify effective treatment timing with estimated individual treatment
effects for antibiotic stewardship on two real-world datasets. Moreover,
comprehensive experiments on a synthetic dataset exhibit the outstanding
performance of T4 compared with the state-of-the-art models on estimation

ofindividual treatment effect.

Sepsis is the body’s overwhelming response to infection, which can
lead to tissue damage, organ failure, amputations and death. Sepsis
contributes to 6% of hospitalizations and 35% of in-hospital deaths’,
and costs more than US$27 billion annually in the USA’. Based on a
recent study of Medicare beneficiaries, approximately 30% of patients
with sepsis do not survive for 6 months’. Broad-spectrum antibiotics
are the first-line medications for sepsis*’ because bacterial infection
causes most cases®.

The current sepsis treatment guideline for antibiotic timing is
a one-size-fits-all approach, and when patients with suspected sep-
sis should receive antibiotics remains controversial”®, The Surviving
Sepsis Campaign recommends initiating broad-spectrum antibiotics

within 1 hour for any patient with suspected sepsis or septic shock®".
Although the recommendationissupported by several large observa-
tional studies' ™, there is substantial concern that striving for 1 hour
antibiotic delivery for all patients with suspected sepsis may cause seri-
ous harm (for example, antibiotic resistance and Clostridium difficile
infection)®*", Therfore, determining personalized antibiotic timing
atthe bedsideis urgently needed.

Computational algorithms using electronic health records
(EHRs)'*"*'®” have been leveraged to examine the optimal antibiotic
timing for patients with sepsis. EHRs contain irregularly sampled
temporal data, including patients’ lab results, vital signs and demo-
graphics. The aim is to estimate the treatment effects of different
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Fig.1| Overall data flow of T4 framework. Data from MIMIC-Ill are randomly
splitinto training (70%), validation (10%) and testing (20%) datasets. The
validation dataset is used to select the best model parameters and the testing
datasetis used for internal evaluation. The T4 framework is used to estimate

ITEs for antibiotic administration timing recommendation. An external dataset
obtained from AmsterdamUMCdb is used as an external test set. (SysBP: systolic
blood pressure. WBC: white blood cell).
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Fig.2|The T4 framework. T4 consists of three main components: (1) the
encoder network recurrently encodes the patient’s baseline information,
including temporal and static covariates, and treatment assignments via the
LSTM network; (2) the decoder network is initialized with encoder outputs and
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predicts the outcomes under different treatment sequences; (3) the balancing

matching constructs balanced mini-batches via propensity as balancing scores
during the training process. The details of balancing matching are shown in Fig. 3.

timings of antibiotics on septic outcomes (for example, in-hospital
mortality). However, most studies have either ignored the temporality
of EHRs'?" or the heterogeneity of treatment effects’®". These two
issues are crucial for identifying effective and precise therapy for
patients with sepsis.

Previous studies'® ™ of treatment design for sepsis regard the
problem as an off-policy evaluation using observational data. For
example, amodel® to learn treatment policy based on patient trajec-
tories (that s, states, actions and observations) by optimizing areward
determined by patient survival. However, our method derives optimal
treatment options by estimating individual potential outcomes for
future timestamps. Our problem setting is more challenging: (1) we
need todo counterfactual reasoning based only on observed dataand
(2) we need to adjust time-varying confounding and estimate unbiased
individual causal effects.

Herein, we study the problem of identifying the most effective
timing for antibiotic administration in patients with suspected
sepsisusing EHR data. As showninFig. 1, the patients’ information s
extracted and compiled from EHRs and then used to build the model
for antibioticadministration timing recommendation. We propose a

18-22

framework, T4, to estimate treatment effects for time-to-treatment
antibiotic stewardship in sepsis. T4 first estimates the individual
treatment effects (ITEs) of receiving antibiotics by recurrently
encoding temporal and staticinformation obtained before the cur-
rent timestamp (baseline period) and then decoding the potential
outcomes under different treatment sequences after the current
timestamp (follow-up period). We apply balancing matching for
each mini-batch via treatment propensity as balancing scores to
construct a pseudobalanced mini-batch, thus adjusting the influ-
ence of confounders. We also provide model interpretability of
treatment recommendations by analysing: (1) the contribution of
eachtimestamp in the baseline to treatment recommendation with
attention mechanism and (2) the contribution of each variable to
treatment recommendation via variable importance examination
that excludes each variable in evaluating the influence on model
loss. Meanwhile, we adopt MC Dropout? to estimate uncertainty
and quantify the confidence behind the ITE estimation and treat-
ment recommendation.

We evaluate the effectiveness of treatment recommendation on
two nonoverlapping real-world EHR datasets: Medical Information
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Fig. 3 |Illustration of the balancing matching. During the training process,
each patientin the batch is matched with the corresponding counterfactual
outcomes using the observed outcomes of their nearest neighbours in other
treatment groupsin the training data. A pre-trained T4 is used to estimate the
propensity scores for computing the patient’s distance. The matched batch and
original batch are combined together for training.

Mart for Intensive Care version III (MIMIC-1I1)** and Amsterda-
mUMCdb?®. The results show that the mortality rate of patients
who receive the antibiotics at the time we recommend is notably
lower than the patients who do not, indicating that our model offers
effective timings of antibiotic administration that help to reduce
the mortality rate. We demonstrate the application of our model
on time-to-treatment recommendation using a concrete patient
example. We also analyse model interpretability by visualizing the
global and variable-level contributions to treatment recommenda-
tion via a concrete case study. Moreover, we conduct comparison
experiments on ITE estimation using synthetic and semi-synthetic
datasets, and our model outperforms the state-of-the-art ITE esti-
mation methods.
The contributions of this paper include the following:

« We propose an end-to-end treatment timing recommendation
framework that seamlessly integrates the treatment effect estima-
tion model, uncertainty quantification and model interpretability
for making transparent treatment recommendation.

+ We develop a new ITE estimation method that can model
time-varying information and adjust the influence of temporal
confounding variables via balancing matching that mimics the
randomized controlled trial process.

« Weincorporate uncertainty quantification and interpretable
analysis into the ITE estimation to achieve reliable treatment
recommendation.

« Weillustrate the usage of the proposed model in two real-world
EHR datasets. The results show that our model can successfully
identify effective timing of treatment and thus pave the way for
personalized and precision medicine. We further conduct compre-
hensive comparison experiments on synthetic and semi-synthetic
datasets for ITE estimation.

Overall framework

As illustrated in Fig. 2, T4 recurrently encodes the patient’s tem-
poral covariates extracted from the baseline period, then decodes
the potential outcomes with different treatment sequences
in the follow-up period. Both encoder and decoder are built based
on long short-term memory (LSTM)*, a deep recurrent neural net-
work thatis widely used for modelling time series data. T4 adjusts the
influence of confounders via ‘balancing matching’ (Fig. 3) to gener-
ate balanced mini-batches. Each patient in the mini-batch is matched
with the corresponding counterfactual outcomes using the observed
outcomes of his or her similar patients in different treatment groups.
The similarity of patients are estimated using propensity scores” of
receiving the current treatment. The training procedure of T4 isshown
in Algorithm1.

Algorithm 1. T4 training procedure

Input: Treatment assignments A, temporal covariates
X, outcomes Y, static covariates d
Output: Potential outcome Y'(A, +¢), treatment
recommendation 7’
1 Pre-train T4 as propensity estimator according to Eq.

(16);
2 for epoch =1,... , EPOCH do
3 Obtain the similar patients of each mini-batch for
balancing matching according to Eq. (14);
fort=1,... current_timestamp do
Obtain the embedding of temporal and static
covariates as e; € K and e € KK,
6 Encode ¢*, e, a, with LSTM and obtain A,;
7 Obtain the attention weight « according to Eq.
(%)
end
Compute the potential outcome y, according to
Eg. (6);
10 for: =
current_timestamp, ... ,current_timestamp + §
do
1 Decode ed,at, y; using LSTM and obtain h,;
12 Obtain the attention weight 8 according to Eq.
®);
13 end
14 Compute the potential outcome y, according to
Eq. (9);
15 Compute the treatment effect 6" according to Eq.
(10);
16 Compute the treatment strategy 7" according to
Eq. (11);
17 Compute outcome prediction loss according to Eq.
(17);
18 end
Results
Datasets

MIMIC-lII**is alarge, freely available database comprising de-identified
health-related data associated with over 40,000 patients who stayed in
critical care units of the Beth Israel Deaconess Medical Center between
2001and 2012. It contains patients’ demographics, vital signs, lab tests
and treatment assignments.

AmsterdamUMCdb? is the first freely accessible European inten-
sive care database. Itisendorsed by the European Society of Intensive
Care Medicine and its data science section. It contains de-identified
health data related to tens of thousands of intensive care unit admis-
sions, including demographics, vital signs, laboratory tests and
medications.

Inboth datasets, we included adult patients with sepsis fulfilling
the international consensus Sepsis-3 criteria®®. We extracted data
for 10,840 patients and 3,136 patients from MIMIC-IIl and Amsterda-
mUMCdb, respectively, after applying exclusion criteria. The causal
inference problem we studied is the treatment effects of antibiotic
therapy among patients with sepsis given the observed confounding
variables. There are three essential components that should be iden-
tified from the patient data. (1) Treatments: we considered multiple
kinds of antibiotic therapy during ICU stays. At each timestamp, a
binary treatmentindicator will denote whether the patientis assigned
antibiotics or not. (2) Confounders: we obtained 22 temporal covariates
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Fig. 4 | Mortality rate comparison of two datasets. a,b, Mortality comparisons
on the MIMIC-lll dataset over 30 days (a) and 60 days (b). ¢,d, Mortality
comparisons on the AmsterdamUMCdb dataset over 30 days (c) and 60 days (d).
Error bars denote 95% confidence intervals with n = 30 bootstrap samples. The
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total mortality rate of two groups of patients is plotted using the black dashed
line, which serves as the baseline. More data statistics of two groups of patients
areinSupplementary Table 6.

(vital signsincluding temperature and heart rate; and lab tests includ-
ing potassium and sodium levels) and 4 static covariates (age, gender
and so on) as potential confounders. (3) Outcomes: we compiled the
24 hour Sepsis-related Organ Failure Assessment (SOFA) * score as the
primary outcome, whichis computed based on the degree of dysfunc-
tion of six organ systems. The definition of the Sepsis-3 patient cohort
isinthe study design section of Methods; a list of antibiotics is in Sup-
plementary Table 1, computation of SOFA scores is in Supplementary
Table 2 and thelist of patients’ covariatesisin Supplementary Table 3.

Experiment onreal-world data
Population-level analysis. PLACEHOLDER TEXT.

As we have no access to the counterfactual outcomes in the
real-world dataset, we are not able to directly evaluate the model per-
formance in terms of counterfactual prediction. Thus, we evaluate
the model performance by comparing the treatment effects of rec-
ommended timing of administration (determined by estimated ITE
accordingto equation (11)) and the observed timing of administration
on patients’ mortality rate. Specifically, we first obtain a target group
of patients whose observed timing of antibiotic administration is
different from the model recommendation. Then we derive a com-
pared group to the target group by involving the most similar patients
whose observed timing of antibiotic administration matches the model
recommendation. We use the variables obtained from the baseline
period (time window before the follow-up period) to perform patient
similarity. We use Euclidean distance as the similarity measurement
(see Supplementary Fig. 2 for patient similarity evaluation). Finally,
we compare the mortality rate within these two groups and expect

that the mortality rate of patients whose observed treatments match
our recommendation would be much lower than the patients whose
observed treatments are different from the recommendation.

As shown in Fig. 4, we compute and compare 30 days’ mortality
rateand 60 days’ mortality rate on two datasets. The black dashed lines
inthe two plots denote the average mortality ratesamong the popula-
tion, which are the baselines for comparison. We find that the mortality
rate of patients who receive treatments at different timestamps as our
recommendation is higher than the average mortality rate baseline,
while the mortality rate of patients who receive the treatments at the
same timestamps as our recommendation is lower than the baseline.
We evaluate the model concerning different lengths of the follow-up
period (thatis,{ € {3, 4, 5, 6, 7}) and the mortality rates for patients with
the same treatments are consistently lower than the mortality rates for
patients with different treatments. Results show that our model recom-
mends effective treatment strategies (reflecting on lower mortality
rate), and provides potential clinical insights for doctors to decide the
timing of antibiotic administration for patients with sepsis. We also
observe that the model performs consistently on the external testing
set from AmsterdamUMCdb, which demonstrates the robustness of
our model when applied to a different dataset with different feature
distributions. We further evaluate our model on suspected septic
patients and report the results in Supplementary Fig. 3.

Individual-level analysis. To further demonstrate how our model
recommends antibiotics based on the estimated ITEs with uncer-
tainty quantification, we utilize a real-world patient case. As shownin
Fig.5a, weusethe predicted ITEs (red line) equipped with uncertainty
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denoting the uncertainty estimates) for antibiotic recommendation. An
antibiotic will be recommended to the patient if the upper bound of predicted ITE
islower than zero and will not be recommended if the lower bound of predicted
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ITEis higher than zero, where zero is the threshold for determining whether

to recommend antibiotics. b, The most important global baseline timestamps
(orange area) and variables contributing to the treatment recommendation
are denoted at the top subplot. An antibiotic is recommended at the end of the
baseline period.

estimates (red shadowed area) as the criteria torecommend the timing
of antibiotic administration at each timestamp (see Supplementary
Table 7 for average standard deviation of estimated treatment effectin
eachtimestamp). Specifically, at each timestamp, we recommend the
antibiotics if the upper bound of the predicted ITE is lower than zero,
and we will not recommend them if the lower bound of the predicted
ITE is higher than zero. Here, zero denotes no difference between
having a treatment and not. In this example, the upper bound of the
predicted ITEislower than zero for all the timestamps in the follow-up
period. Thus, the optimal antibiotic recommendation provided by our
modelisto continuously take antibiotics during the follow-up period.

We also compare true outcomes under the antibiotics that were
actually received and predicted outcomes under the recommended
antibiotics. Here, we use the SOFA score as the outcome, where higher
values are associated with worse status and higher mortality rate®*’".
From Fig. 5a, we observe that the patient received antibiotics from
the fourth timestamp, which results in large SOFA scores during the
follow-up period. Conversely, our model recommends the patient
take antibiotics earlier (from the first to the sixth timestamp), and the
predicted SOFA scores under recommended timing of antibiotics are
much lower than the true SOFA scores. The results demonstrate that
our model can identify effective timing of antibiotic administration
for patients with sepsis to help improve their disease condition and
reduce the mortality rate.

A case study for model interpretability. We demonstrate the model
interpretability of treatment recommendation using a concrete case
study. We visualize both global and variable-level contributions in
Fig. 5b. We also plot the dynamics of each important variable. Here,
thevitalsignsinclude temperature and respiratory rate (resprate); the
lab tests include glucose, blood urea nitrogen (BUN), anion gap and
platelets. We use the dashed black lines to denote the timestamps with
high contributionto the treatment recommendation. We observe that
the values of most variables are within or close to the abnormal range
at those high-contribution timestamps. Our model recommends the
patient take antibiotics at the end of the baseline period with regard
to these warning signals. Taking glucose as an example, the normal
range should be lower than 140 mg dI™, and a reading of more than
200 mg dl'indicates diabetes®. We observe that the values of glucose
are far from the normal range, which remains above 200 mg dI™* and

even reaches 300 mg dI ™ at the early stage. This case study shows
that our model achieves a transparent treatment recommendation
via visualizing important timestamps and variables contributing to
the recommendation, paving the way for interpretable and precise
treatment recommendation. More case studies are provided in Sup-
plementary Figs.5and 6.

Experiments onsynthetic data
Comparison experiments. PLACEHOLDER TEXT.

Several studies have proposed estimating ITEs using
causal inference techniques on observational data, including
matching-based methods (for example, propensity score match-
ing?), forest-based methods (for example, causal forest*®) and
representation-learning-based methods (for example, counterfactual
regression®*). These methods are mainly designed for static data and
arenotsuitable for estimating ITEs on EHRs, whereas T4 fully considers
time-variable information and adjusts temporal confounding using
balancing matching.

Toillustrate the model’s performance on ITE estimation and treat-
ment recommendation, we performed experiments on a synthetic
dataset. We simulated 5,000 patients with 50 timestamps, 20 temporal
covariates and 5 static covariates. We used the first 40 timestamps as
the baseline period and the remaining timestamps as the follow-up
period. We use Precisionin Estimation of Heterogeneous Effect (PEHE)
and the error of Average Treatment Effect (¢ATE) to evaluate the mod-
el’'s performance. We conducted comparison experiments against
state-of-the-art methods of ITE estimation: (1) classical methods: lin-
ear regression®, random forest* and support vector machine”; (2)
forest-based methods: causal forest and Bayesian additive regression
trees®; (3) representation-learning-based methods: counterfactual
regression®, GANITE* and Dragonnet*’; (4) time-varying-based meth-
ods: recurrent marginal structural network*, counterfactual recurrent
network** and G-Net*®, Results in Supplementary Table 10 show that
our model outperformsstate-of-the-art ITE estimation methods. More
details of data simulation and results analysis can be found in the Sup-
plementary Information.

Ablation study on balancing matching. We evaluate the influence
of different percentages of balancing matching samples on the model
performance. We vary the percentages from 0% to100% and show the
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performance change in Supplementary Fig. 8. We observe that the
error of ITE estimation in terms of both PEHE and €eATE decreases as
more matching samples are included inamini-batch during the train-
ing process. Specifically, performance highly increases when only a
small number of matching samples (around 20%) are provided, and the
curve tends to gently slope downward as the percentage of matching
samples exceeds 30%. The results demonstrate that balancing match-
ingimproves the model performance onITE estimation by substantially
decreasing the estimation error.

Discussion

In this study, we propose a novel framework to estimate treatment
effects for treatment recommendation. Our proposed model, T4, first
estimates ITEs by recurrently encoding historical temporal patient
information and static information, and then decoding the potential
outcomes under different treatment sequences. We apply balancing
matching for each mini-batch to construct abalanced mini-batchand
adjust theinfluence of confounders. We also provide the modelinter-
pretability of treatment recommendation to analyse both global and
variable-level contributions via an attention mechanism and variable
importance analysis, respectively. Meanwhile, the model uncertainty
quantification helpsto avoid overconfident treatment recommenda-
tions. Weillustrate the usage of the proposed modelin two real-world
EHR datasets, showing that our model can successfully identify effec-
tive treatment strategies and thus pave the way for personalized and
precision medicine.

Controversies in antibiotics for patients with sepsis

The timing of antibiotic treatment is contentious. While many stud-
ies suggest early antibiotic regimens for any patients with suspected
sepsis or septic shock, there is substantial concern that early antibiotic
assignments may cause serious harmincluding higher mortality rates’.
Several recent cohortstudies and randomized controlled trials®>***¢
suggest that the timing of antibiotic treatment should depend on the
severity of illness (that is, sepsis, severe sepsis or septic shock) and
thelikelihood of true infection. They point out thatimmediate antibi-
otic regimens benefit patients with severe illness (for example, septic
shock) whileinless criticallyill patients, immediate antibiotic regimens
may lead to overprescribing and potential harm. For example, arecent
study”’ showed that an overdose of antibiotics is associated witha20%
increaseinthe odds of deathin patients who received adequate therapy.
Accordingto the study, the morbidity of overdose antibiotics may be
more obviousinless criticallyill patients compared with patients with
septic shock as the morbidity of other acute severe illness surpasses
the possible morbidity comes from an antibiotic overdose. There are
also some general explanations for the association between antibiotic
overdose and higher mortality. Besides antibiotic resistance, antibiotics
themselves also cause harm (for example, organinjury, mitochondrial
dysfunction, theimpact on the microbiome, and overgrowth by fungi
and C. difficile)*®. Specifically, the study*” showed that unnecessar-
ily broad empiric therapy was associated with a 26% increased risk of
C. difficileinfection. Thus determining personalized antibiotic timing
atthebedsideis urgently needed.

Limitations of synthetic patient data

We evaluate the effectiveness of our model through comprehensive
comparison experiments on synthetic and semi-synthetic datasets
for treatment effect estimation (Supplementary Tables 9 and 10). The
results demonstrate that the proposed method achieves amore accu-
rate estimation of treatment effect than the state-of-the-art methods.
Though outstanding performance has been achieved on the synthetic
patient data, there are still some potential limitations.

Fully synthetic data. The fully synthetic data generated by statistical
models from scratchis flexible as the entire data generation process

and specify the datascale (for example, the number of patients or the
number of features) can be predefined according to the experimental
design. However, such a predefined datageneration processis merely
tomimicthereal datageneration and may not fully represent the com-
plexand heterogeneous patient EHR data*’. Additionally, rare cases and
outliers thatare presentin the real patient datamay notbe accurately
captured by the fully synthetic data.

Semi-synthetic data. Semi-synthetic data is simulated based on real
patient data where we obtain the real patient covariates and simulate
the treatment assignments and outcomes based on the covariates.
Thus, compared with fully synthetic data, semi-synthetic data contain
morerealistic patients and thus can better capture rare cases and outli-
ers. Whereas, semi-synthetic data are highly constrained by the original
data.If the original data arelimited or of poor quality, itis challenging
to generate high-quality semi-synthetic data.

Thus, we further conduct comprehensive experiments on two
real-world patient datasets that contain more diverse and realistic
patient trajectories than the synthetic data.

Limitations of real-world patient data
Unavailability of counterfactual outcomes. PLACEHOLDER TEXT.
The ground truth counterfactual outcomes are not available in
real-world patient data thus we can not directly evaluate the perfor-
mance of treatment effect estimation on real-world data. Instead, we
demonstrate in Supplementary Table 8 that the proposed method
performs better than the state-of-the-art methodsin factual outcome
prediction of SOFA scores. Moreover, we evaluate the effectiveness of
learned optimal timing of treatment and demonstrate in Fig. 4 that the
mortality rate of the patients with recommended timing of treatment
is lower than the patients with the observed timing of treatment.

Type of antibiotic treatment. The type of antibiotic treatment choice
isbased onsuspected infectionsites according to empirical antibiotic
studies and guidelines®**'. However, the sites of suspected infectionare
not available in our public clinical datasets (MIMIC-1ll and Amsterda-
mUMCdb), especially during the first 48 hours since ICU admission as
the determination of true infectionsitesis complicated and takes time
toobtain theresults. Inthe future, we willincorporate suspected infec-
tionsites to provide recommendations for a specific type of antibiotic,
orthogonalandsoon.

Blood cultures. Blood cultures are deemed the gold standard for
antibiotic treatment regimens (for example, initiation or de-escalation
of antibiotics). However, in our public datasets, most blood cultures
are taken 12 hours before or after the ICU admission and usually the
results are available after 2-3 days. According to the proposed frame-
work asillustrated in Fig. 2, we only leverage the first 48 hours of data
since ICU admission; therefore the results of blood cultures may not
be available in this period.

In future work, we can develop a more practical and precise anti-
biotic recommendation system that combines the model’s general
recommendations with real patient conditions (for example, suspected
infection sites, blood cultures and other concomitant therapies) if
available.

Methods

Inthis section, we firstintroduce the study design, then we present the
proposed model for estimating treatment effects.

Study design

We evaluated the proposed treatment recommendation framework
through a retrospective study on two large real-world EHR datasets
(MIMIC-1Il and AmsterdamUMCdb) with recorded patients’ demo-
graphics, vital signs, lab tests, medications and diagnosis.
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Definition of sepsis in two datasets. We defined the patients with
sepsis according to the recent Sepsis-3 criteria®® with respect to (1)
t.usp- time of clinical suspicion of infection (that is, earlier timestamp
of antibiotics and blood cultures within a specified duration) and (2)
tsora: tWo-point deteriorationin SOFA score? withina 6 hour period. The
patient is diagnosed with sepsis when these two events happen close
to each other. Specifically, 5o, happens 24 hours earlier than ¢, or
12 hourslater thant,,,,. We excluded patients under 18 years old at the
time of ICU admission. We also exclude patients whose ICU stay is less
than 9 hours or longer than 20 days.

We extract 22 temporal covariates (that is, vital signs and lab
tests) and 4 static covariates (Supplementary Table 3). We encode the
patients’ time series datainto discrete 3 hour time steps. The covariates
with multiple records withinasingle time step were averaged. The miss-
ing data were imputed using values obtained from the last time step.

Preliminary
We extract patientinformation from longitudinal observational data.
For each patient, let A7 = {a;,a,,....a;} € N7 be the treatment assign-
ments with a; =1if the patientreceive the treatment at ¢-th timestamp
and a; = 0 otherwise. Let X; = {x;,X;,..,x7} € R7*% be the temporal
covariatesand Yy = {y;,¥,,...yr} € ®7be the outcomes of T timestamps.
The patient has static covariates d € ®*¢, such as gender and age. The
observational data for the patient can be represented as
D= {ZT’X/T’ d, )_/T}.

Our goal is to estimate the treatment effects with temporal and
static covariates by predicting the potential outcomes under different
treatment sequences. We adopt the potential outcomes framework*>**
to examine the causal effects under the treatments. The potential
outcome is the outcome that would have been observed if the patient
hadreceived treatment. We extend the potential outcome framework
in our application scenario. Given the observational data up to ¢-th
timestamp and treatment assignments A,,, ., the patient has potential
Jj=t+{
j=t-

outcomes E[Y(Ap 0] = {E[VA; X, A,, DY,y in the following { time

period. Specifically, A,y 17 = {Ap1, Qs ..., A denotes any treatment
assignments from ¢ +1to ¢ + {timestamp. For each timestamp, there
are two potential outcomes E[ V(A" X, A, d)], E[V(AS=° IX,,A,,d)], which
correspond to different treatment assignments.

Toestimate the treatment effect of agiven treatment assignment
during the following { time period, we define the ITE, §;on (¢ +)-th
timestamp as follows,

5j =E [Y(A;I:I|)_(t’Z[’A(t+1,t+j—1)’ d)] @
-E [Y(Aja=0 I)_(tvzt’ A(t+1,t+j—1)’ d)]

where A, ,;_pis thelearned optimal treatments between timestamp
t+1 and t+j-1. The treatment effects of { time period is
A=[6,y,...,6..Inthis paper, we use SOFA scores” (thatis, range from
0to 24, with larger values associated with more severe disease status
and higher mortality) as outcomes. The computation of SOFA scores
canbefoundinSupplementary Table 2. The recommended treatment
assignments are as follows,

1 = [16p41 < O). ... 16 < O)] 6)

where 1(-)equalsliftheinside expressionis true otherwise O.

Assumptions

Our ITE estimation is based on the standard causal assumptions®**
asfollows,

Assumption1. Consistency. The potential outcome under treatment
history 4, equals the observed outcome if the actual treatment
history s A4,.

Assumption 2. Positivity. Given the observational data of the history,
ifthe probability P(4, = 1X,,A,_;.d) # Q thenthe probability of receiving
treatment O or 1is positive, thatis, 0 < P(A, = 1|X,,A,_;,d) < 1, for all A,.

Assumption 3. Sequential strongignorability. Given the observational
dataof the history, the treatment assigned for time tisindependent of
the potential outcome of time ¢, thatis, Y(A,) L A,X,, A,_,, d, for all treat-
ment sequencesA.,.

Treatment effect estimation with T4

T4 recurrently encodes the patient’s temporal covariates via LSTM?®,
then decodes the potential outcomes with different treatment
sequences. T4 adjusts the influence of confounders via balancing
matching to generate balanced mini-batches. Figure 2 illustrates the
framework of the proposed method.

Encoder for baseline period. We convert the initial high-dimensional
covariates x, € ®% into a lower dimensional and continuous data
embedding ef € ®as,

e = Wex, +b, 3)

where W, e R%>Kis the weight matrix, b, € ®%isthe biasvectorand k¢
is the dimension of the embedded temporal vectors. That is, we have
embedding of temporal covariates £X = {e, ¢}, ..} € RO, Similarly,
we convert the static covariates (demographics) into embedding as
E4 e K2 where K, is the number of static covariates and K¢ is the
dimension of embedded static vectors.

Given the embedding of temporal and static covariates and the
treatment assignments at each timestamp, the encoder builds upon
the LSTM as follows,

hy,hy, ... he = LSTM([€¥, e4], €2, €4, a1], ..., [€%, €4, G 1]) “)

where h, € ®%isthe hidden state at ¢-th timestamp and K, is the dimen-
sion of hidden vectors. The last hidden state A, is used to initialize the
decoder. We aggregated all the hidden states via an attention mecha-
nism for automatically focusing on important historical timestamps.
We calculate the attention weight a,  using amethod that concatenates
each previous hidden state h,with the current state h,, and the product
of two states. That s,

a5 = score (b, hy) = O (W][h,, hg, b, © hg]) )

a, = softmax (&, &5, ..., A1)

where @ is hyperbolic tangent function, W, € R3+is learnable param-
eter matrix. Using the generated attention energies, we calculate the
context vector h,foreach patientuptottimestampas h, = Z:: ashs

We predict the potential outcome y, using the attentively aggre-
gated vector h,, current hidden state #,and the treatmenta,. The predic-

tionserves as the input to the initial state of the decoder,

¥, = Wy(lho, he, @) + b, ©)

where W, e #6*CK+Dand b, e #% are parametersto learn.

Decoder for follow-up period. Initializing with the last hidden state
oftheencoder and true/predicted outcomes, the decoder recurrently
predicts the potential outcome at each timestamp with different treat-
ment sequences. We obtain the hidden states of the decoder as,

Reyts s Apig = LSTM([a, €%, y,], ..., [at+(—1sed,yt+Z—1]) (7)

We integrate the encoder outputs and the current hidden state of the
decoder via an attention layer. We generate the aggregated context
vector ¢,,;at each timestamp as,
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Besju = ©(Wylhey,hy)
Beiju = softmax(Beij1, Besjzs - > Braje) 8)
t
Ceyj = E ﬁt+j,uhu
u=1
where ®is hyperbolic tangent function, {hu}f‘:]are theencoder outputs

and W; e ®*uis the parameter to learn.
We predict the outcomes Vi by combining the learned context
vector with current treatment as

= Wq[hm—jx Ct+j’at+j] + bq for j=12,..,7 9)

y;+j
where W, € #6*@+Dand b, € % are parameters to learn. During the
training, we use the teach- forcmg technique witharatioof 0.5totrain
the model with ground truth treatments and outcomes. In the infer-
ence/testing, we feed the decoder’s predictions (both outcomes and
treatments) back to itself for each step. The current predictions are
based on the previous predictions during the inference, whichis con-
sistent with the practical application scenario.

Weidentify the optimal treatment sequence viaagreedy-style strat-
egyinstead of checking every possible treatment trajectory. We select
thebest treatment optionaccordingto the predicted outcomesateach
step and useit for the next prediction. Compared with the permutation
of all possible combinations (up to 2°) of treatments, our strategy is
more time efficient with the increasing of {. Then we can compute the
treatment effect for (¢ +)-th timestamp using equation (1) as,

ra=1 ra=0

_ij Vi for j=1,2,...,C (10)

where y’“j 1is the predicted outcome when receiving the treatment at
(t+j)-thtimestamp, and V& Oisthe predicted outcome whennot receiv-

ing the treatment. Thus we determine the optimal treatment assign-
ments among all {time period using equation (2) as,

m =[1(8,,, < 0),...,1(6,

e <0l 1)
Balancing matching. To adjust theinherent treatment selection bias
inthe data, we adopt the idea of balancing scores™ to construct pseudo
mini-batches that mimic the corresponding randomized controlled
trial process (that is, the treatment groups are randomly split and
the patient distribution in each group is balanced). We illustrate the
process of balancing matching in Fig. 3. Specifically, we match, for
each patientin the original mini-batch, the unobserved counterfactual
outcomes (thatis, the potential outcomes under other possible treat-
ment options except the observed one), with the observed outcomes
of nearest neighboursin the training data. There are several methods
to obtain the nearest neighbour by computing the distance among
individuals. Here, we estimate the distance via the propensity score?,
whichis defined as the conditional probability receiving the treatments
m.given historical information up to the current timestamp:

PS™ = P (AL

A, d) 12)

t+1, t+(|Xf’
Here, m. denotes a possible treatment sequence during {. We use a
pre-trained T4 as a propensity score estimator to calculate the pro-
pensity scores for each patient in the training set.

Thedistance between patientiwith treatments m., and the patient
Jjwith treatments n. is defined using absolute distance as,

An(ij) = |PS{" —PS}"” 13)

where PS" and PSJ’.’* denote the estimated propensity scores for two
respective patients. We then obtain the nearest neighbours of patient
iintreatmentgroup n.as,

Kn(i) = arg minA,(i,j) (14)
J

Finally the matched mini-batch is combined with the original mini-batch
as awhole for the following training process. Our balancing matching
incorporates the balancing matching with representation learning as a
wholeand thusinherits the advantages of both the matching-based meth-
ods and the representation-learning-based methods. The confounding
bias will be mitigated within each mini-batch and the proposed model
achievesbetter performance than the state-of-the-art methodsin treat-
ment effect estimation (see results in Supplementary Tables 9 and 10).

Objective function. We first pre-train our model T4 to estimate the
propensity scores for balancing matching. We obtain the treatment
prediction using alinear layer and sigmoid function as,

atﬂ = sigmoid (W] [h t+j» Ceaj] + Dg) 15)

where W, e 2% and b, € ® are parameters to learn. We use the
cross-entropy loss for the treatment prediction as,

Lo=— (16)

2 (@ tos e+ (1-d, )log (1))

M=
&Mw

11
N4

The training objective function for the outcome predictionis the mean
squared error between the predicted potential outcomes and factual
outcomesas,

2

. (y;i+j _y£+j) 17)

Ly:N

iM=
HMN

1
{5
The overall training procedure of T4 is demonstrated in Algorithm 1.

Modelinterpretability

Interpretability is a very desirable property in treatment effect estima-
tionand treatment timing recommendation problems. In this paper, we
realizetheinterpretability of treatment recommendation by analysing
both global and variable-level contribution.

Global contribution. The global contribution is the contribution of
eachtimestampinthebaseline period to the treatment recommenda-
tiongiveninthe follow-up period. The outputs of the encoder are sent
to the decoder and integrated together with the hidden states of the
decoder through the attention layer. We obtain the learned attention
weights f,,;,as the contribution of u-th timestamp to the treatment rec-
ommendationgivenat (¢ +j)-thtimestamp according to equation (9).

Variable-level contribution. Each timestamp contains a number of
temporal variables (for example, lab tests and vital signs), and based
solely onthe contribution at the global level, we are unable toidentify
theimpact of eachindividual variable. We then examine the contribu-
tion of each variable via a variable importance analysis. Specifically,
given the temporal covariates x,, we first predict outcomes Y. when

excluding all the information from the i-th dimension of x,. Here, we
mask the corresponding information by replacing them with the mean
value of i-th variable across the dataset. We compute the prediction
loss £, » ,y)using equation (17) except that the predicted outcomes
are replaced with Y. - Finally, the contribution of each variableiatu-th
timestamp is computed as,

Wy = Ly()’;,,»,y) - Ly@,xy)
u (18)

Wy; = softmax (W, 1, Wy, ..., Wy, )

where £,(y, y)is the prediction loss when all features of x,areincluded

intheloss computation. We multiply the global-level contribution and
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thevariable-level contribution (8,;,w, ) to obtain the contribution of
each variable at each timestamp.

Uncertainty quantification

The uncertainty quantification of the estimated treatment effects is
alsoimportant for treatment recommendation. In this paper, we adopt
MC Dropout®*’ to quantify the model uncertainty by applying dropout
during both the training and testing process. Specifically, with the
dropout enabled during the testing, the model generates a different
output for every forward pass for the same input. Suppose we have K
iterations, and for iteration k, we obtain the estimated effect 6 Then
the model uncertainty () iscomputed as,

2

1 & » [1&
M) = g NG - (E kzzl(qk)) (19)

Inthisway, eachITE <Sjiis equipped withaccording uncertainty estimates
n(6). We use the estimated uncertainty for (1) quantifying the confi-
denceassociated with the estimated ITEs and provided recommenda-
tion. Ifthe estimated uncertainty exceeds a certain threshold (that s,
(&) > no), our model will alert the doctors that the provided recom-
mendation is not reliable. (2) Determining whether to assign a treat-
ment at each timestamp. We derive the standard deviation from the
variance and then calculate the 95% confidence intervals of the ITE
estimator. Our treatment recommendation strategy is that, at each
timestamp in the follow-up period, the treatment will be assigned to
the patientifthe upper bound of §is less than zero, and the treatment
will not be assigned if the lower bound of &/ is larger than or equal to
zero. The estimated uncertainty here is to enhance the robustness of
predictionand guarantee the effectiveness of treatment recommenda-
tion. Our experiments show that the adopted uncertainty quantifica-
tion method is more efficient in monitoring estimation error when
compared to propensity calibration and random exclusion (see Sup-
plementary Fig.7).

Implementation details

The proposed model isimplemented using Python 3.6 and PyTorch
1.4 and trained on Ubuntu 20.04 with NVIDIA GeForce RTX 2080 Ti.
We train our model using the adaptive moment estimation (Adam)
algorithm. Dropout® is enabled during the training and testing
for uncertainty estimation. The data is randomly split into train-
ing, validation and test sets (70%, 10%, 20%, repectively) and the
validation set is used to improve the models and select the best
model hyper-parameters (see Supplementary Tables 4 and 5 for
hyper-parameter tuning of the proposed model and baseline models,
respectively). The maximum length of the baseline period is 48-hour
(additional analysis of the maximum length of the baseline period
isin Supplementary Fig. 4). We report the performance on the test
sets for all methods. The final results are averaged on five random
realizations. The values of both temporal and static covariates are
normalized as follows,

X;; — mean(x,;)

std(x;;) (20)

Xei =

where mean(x,;) and std(x,;) are the mean and standard deviation of i-th
variableinx,over the entire dataset. The detailed model configuration
isinSupplementary Fig. 1.

Data availability

The MIMIC-III dataset is publicly available from PhysioNet (https://
mimic.physionet.org/). AmsterdamUMCdb s publicly available from
the Amsterdam Medical Data Science website (https://amsterdam-
medicaldatascience.nl/).

Code availability

The source code for this paper can be downloaded from the GitHub
repository at https://github.com/ruoqi-liu/T4 or the Zenodo reposi-
tory at https://doi.org/10.5281/zenodo.7683025.
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Supplementary Material

Additional related work

On-policy learning Existing work of on-policy learning with reinforcement learning is proposed to first represent the actual
environment by using a generative model and then learn optimal policies based on the generative environment. Bangaru
et al.,'3 introduce an adaptive exploration signal as a pseudo-reward from a deep generative model in order to deduce the
Markov Decision Process (MDP). Xiao et al., ' propose to apply generative adversarial networks (GAN) to learn the dynamics
of the environment for model-based reinforcement learning. Andersen et al.,'> propose to create a generative environment
using variational autoencoder (VAE) and learn optimal policies based on the generated samples. Baucum et al.,'® propose
transitional variational autoencoders (tVAE), a generative model that produces realistic patient trajectories with few distributional
assumptions, and can learn effective treatment policies.

Time-varying ITE More recently, transformers have become state-of-the-art in modeling sequential data and achieve better per-
formance than LSTMs. A recent work !7 proposes a transformer-based model for time-varying ITE with a novel counterfactual
domain confusion loss to address confounding bias.

Additional details on experimental setup
Real-world data

Supplementary Table 1. The list of antibiotics in MIMIC-III Dataset. There are 18 kinds of antibiotics in total.

Category  Name

Cefazolin, Cefepime, Ceftazidime,
Ciprofloxacin, Clindamycin, Erythromycin,
Gentamicin, Levofloxacin, Metronidazole,
Moxifloxacin, Piperacillin, Rifampin,
Tobramycin, Vancomycin, Amikacin,
Ampicillin, Azithromycin, Aztreonam

Antibiotic

Supplementary Table 2. The definition of SOFA score and its components across six organ systems. Each SOFA
component score ranges from 0 (normal) to 4 (most abnormal). The total SOFA score ranges from 0 (normal) to 24 (most
abnormal).

SOFA score 1 2 3 4
Respiration PaO,/FiO,, mmHg < 400 < 300 <200 < 100
Coagulation Platelets x 10° /mm> < 150 < 100 <50 <20
Liver Bilirubin, mg/dl 1.2-19 20-59 6.0-11.9 >12.0
(umol/l) (20 - 32) (33-101) (102 - 204) (>204)
Cardiovascular Hypotension MAP < 70 mmHg Dopamine < 5 Dopamine > 5 Dopamine > 15
or dobutamine (any dose)  or epinephrine < 0.1 or epinephrine > 0.1

or norepinephrine < 0.1  or norepinephrine > 0.1

Central nervous system (CNS)

Glasgow Coma Score (GCS) 13- 14 10-12 6-9 <6

Renal Creatinine, mg/dl 1.2-19 20-34 3.5-49 >5.0

(umol/l) or urine (110 - 170) (171 - 299) (300 - 440) (> 440)

output or < 500 ml/day or <200 ml/day
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Supplementary Table 3. The list of variables in MIMIC-III and AdmsterdamDB. There are 22 temporal covariates and 4
demographics and static variables. PT: Prothrombin Time; BUN: Blood Urea Nitrogen; WBC: White Blood Cells count;

Category MIMIC-IIT AmsterdamDB
Mean Std. Mean Std.
Demographics Age 65.55 1644  61.30 17.90
Gender 43% Female - 42% Female -
Weight 81.67 25.50  79.83 13.61
Height 169.30 11.17 17515 8.44
Lab test Anion gap 13.35 3.80 8.70 4.62
Bicarbonate  25.65 5.27 25.63 6.35
Bilirubin 3.36 6.41 3.15 6.85
Creatinine 1.50 1.46 1.28 1.03
Chloride 104.00 6.60 108.60 46.31
Glucose 134.00 66.83 133.9 45.74
Hematocrit ~ 29.96 5.13 38.98 1.67
Hemoglobin  10.09 1.79 12.57 1.64
Lactate 2.44 2.14 2.40 2.95
Platelet 235.05 155.28 220.82 171.65
Potassium 4.08 0.63 5.58 602.56
PT 17.76 8.95 1.59 10.12
Sodium 138.84 5.32 140.88 43.45
BUN 29.85 23.54  14.15 9.80
WBC 11.23 7.64 14.56 11.80
Heart Rate 87.81 18.30  92.70 23.65
SysBP 120.92 23.28 126.05 139.59
DiasBP 61.41 14.55  60.77 31.11
Vital signs Meanbp 78.70 16.88 82.12 47.34
Respratory 20.48 5.90 21.99 1.71
Temperature 36.96 0.85 36.73 21.14
Sp0O2 97.00 3.27 96.09 7.43

Seq2Seq(
(encoder): Encoder(

)

(embedding): Linear(in_features=22, out_features=32, bias=True)

(decoder): AttentionDecoder(
(embedding): Linear(in_features=1, out_features=32, bias=True)
(embedding_static): Linear(in_features=4, out_features=32, bias=True)
Cattn_f): Attn(

(embedding_static): Linear(in_features=4, out_features=32, bias=True) )
(rnn): LSTM(33, 128, num_layers=2, batch_first=True)

(fc_out): Linear(in_features=161, out_features=1, bias=True)

(dropout): Dropout(p=0.3, inplace=False)

(attention_encoder): Sequential(

(@): Linear(in_features=128, out_features=1, bias=True)

(1): Tanh()
)
(ps_out): Sequential(

(@): Linear(in_features=160, out_features=128, bias=True)

(1): RelLUQO

(2): Linear(in_features=128, out_features=1, bias=False)

D)

(attn): Linear(in_features=128, out_features=128, bias=True)

(rnn): LSTM(65, 128, num_layers=2, batch_first=True, dropout=0.3)

(fc_out_1): Sequential(

(@): Linear(in_features=256, out_features=128, bias=True)
(1): RelUQ

(2): Linear(in_features=128,

D)

(fc_out_0): Sequential(

(@): Linear(in_features=256,

(1): RelUQ

(2): Linear(in_features=128,

D)

(ps_out): Sequential(

(@): Linear(in_features=256,

(1): RelUO
(2): Linear(in_features=128, out_features=1, bias=True)

D)

(dropout): Dropout(p=0.3, inplace=False)

D)

Supplementary Figure 1. Model configuration.

out_features=1, bias=True)

out_features=128, bias=True)

out_features=1, bias=True)

out_features=128, bias=True)
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Supplementary Table 4. Hyperparameter search range and optimal hyperparameters for T4.

Hyperparameter range Optimal hyperparameters
Augmentation ratio 0, 0.1,0.2,0.3,0.4,0.5,0.6,0.7,0.8,0.91.0 04
Learning rate 5e-3, le-3, S5e-4, le-4, 5e-5, le-5 5e-5
Embedding size 16, 32, 64, 128 32
Hidden layer size 32, 64, 128, 256 128
Dropout rate 0.1,0.2,0.3,0.4, 0.5 0.3
Batch size 8, 16, 32, 64 32
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Synthetic Data

To illustrate the model performance on ITE estimation and treatment recommendation, we design experiments on a synthetic
dataset. We first simulate temporal covariates x; as a weighted sum of historical covariates X;_; and treatment assignments @,
as follows,

-1
x,|X,,1,E,,1 N% Wj(x]'—FAaj) 21

Y j=1Wj j=1
where the weight w; = w;_; *2 forms a geometric sequence with ratio 2, 4 ~ .47(0,0.1) controls the influence of
historical treatment assignments. The initial covariates are simulated by a multi-variable Gaussian distribution as x| ~
N (05,0.1-(2-XT)), where £ ~ % ((—1, 1)k is simulated by a uniform distribution and k; is the dimension of the temporal
covariates. We also simulate static covariates ¢ with the same distribution. We then simulate the treatment assignment a; at

each timestamp as,

a/|x;,c ~ Bernoulli(o(s' [x,c]+m)) (22)

where s ~ 4 (0F,0.1-1), k is the dimension of all covariates,  is the identity matrix, and m ~ .#'(0,0.1). o(-) is the sigmoid
function and [-] concatenates two vectors as a whole. The outcome is simulated as a function of temporal covariates, static
covariates and treatments as follows,

Velxe, ar NqT[xnc,BazHS (23)
where g ~ A (0K71,0.05- (Z-27)), £~ % ((—1,1)kDxEDY "B #(0,0.5) controls the influence of treatments, and
€~ A(0,0.1).

In this paper, we simulate 5000 patients with 50 timestamps, k; = 20 temporal covariates and 5 static covariates. We use the
first 40 timestamps as the baseline period and the remaining as the follow-up period. Note that the timestamp here corresponds
to the hour in the physical time unit without any time interval aggregation as in real-world data. The synthetic dataset and codes
for simulation are available at https://github.com/ruogi-1iu/T4.

Semi-synthetic data based on MIMIC-III

To further evaluate our model on real patient trajectories while having available counterfactual ground truth for evaluation, we
generate a semi-synthetic dataset based on MIMIC-III data. Specifically, we simulate treatment assignment a; and potential
outcome y; given real patient covariates (i.e., 22 time-varying covariates and 4 static covariates). The treatment assignment
is simulated by a|x;,c ~ Bernoulli(o(s' [x,c]+m)), where s ~ .4 (0%,0.1-1), k is the dimension of all covariates, I
is the identity matrix, and m ~ .47(0,0.1). o (-) is the sigmoid function and [-] concatenates two vectors as a whole. The
outcome is simulated as a function of temporal covariates, static covariates and treatments as y; |x;,a; ~ qT [x,¢,Ba] + &,
where g ~ A (01,0.05- (Z-27)), &~ % ((—1,1)kDxEDY B~ _#7(0,0.5) controls the influence of treatments, and
€~ .4(0,0.1).

Baseline Methods

We conduct comparison experiments against the state-of-the-art methods of ITE estimation in the following categories: (1)
Classical methods: Linear Regression (LR)*, Random Forest (RF)> and support vector machine (SVM)® are included as the
basic machine learning models for comparison. They directly regard the treatment assignment as an additional feature and
predict potential outcomes based on the patient’s covariates under different treatments; (2) Forest-based methods: Causal
Forest (CF)? and Bayesian Additive Regression Trees (BART)” are two commonly used tree-based models for causal effect
estimation. CF extends the classical model RF in that instead of minimizing prediction error, it split the data for maximizing
the difference of treatment effects across splits. BART is a non-parametric Bayesian regression tree model that each tree is
a learner constrained by a regularization prior; (3) Representation learning-based methods: Counterfactual Regression
(CFR)? construct balanced representations in the hidden space via deep neural network. We compare two variants of CFR:
one is equipped with Wasserstein (WASS) as distance metrics for distribution balance and the other is the vanilla version
without any distribution balance (TARNET). GANITE?® estimates the ITEs via a generative adversarial network by generating
and discriminating counterfactuals. Dragonnet® jointly optimize propensity prediction and potential outcome prediction for
ITE estimation. (4) Time-varying based methods: Recurrent Marginal structural Network (RMSM) '* adopts recurrent
marginal structural network for predicting the patient’s potential response to a series of treatments. Counterfactual Recurrent
Network (CRN)!'! adopts adversarial training techniques to balance the historical confounding variables. G-Net'? is a g-
computation based deep sequential modeling framework that provides estimates of treatment effects under dynamic and
time-varying treatment strategies. We further adapt existing time-varying methods in our setting by estimating treatment effects
and obtaining optimal treatment policies at each timestamp.
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Hyperparameter tuning for time-varying based ITE models.

Supplementary Table 5. Ranges for hyperparameter tuning for time-varying based ITE models.

Model

Module

Hyperparameter

Search range

Propensity networks

Learning rate
Embedding size

Hidden layer size
Dropout rate

Batch size

Random search iterations

5e-3, 1le-3, 5e-4, 1le-4, 5e-5, 1e-5
16, 32, 64, 128

32, 64, 128, 256
0.1,0.2,0.3,04,0.5

8, 16, 32, 64

50

Learning rate
Embedding size
Hidden layer size

5e-3, 1e-3, 5e-4, 1e-4, 5e-5, 1e-5
16, 32, 64, 128
32, 64, 128, 256

RMSN Encoder Dropout rate 0.1,0.2,0.3,0.4,0.5
Batch size 8, 16, 32, 64
Random search iterations 50
Learning rate S5e-3, le-3, Se-4, 1le-4, 5e-5, 1e-5
Embedding size 16, 32, 64, 128
Decoder Hidden layer size 32, 64, 128, 256
Dropout rate 0.1,0.2,0.3,04, 0.5
Batch size 8, 16, 32, 64
Random search iterations 20
Learning rate Se-3, 1le-3, Se-4, 1e-4, 5e-5, 1e-5
Embedding size 16, 32, 64, 128
Hidden layer size 32, 64, 128, 256
Encoder Balancing representation size (d,) 32, 64, 128, 256
FC hidden units 0.5d,, 1d,, 2d,
Dropout rate 0.1,0.2,0.3,04, 0.5
Batch size 8, 16, 32, 64
CRN Random search iterations 50
Learning rate 5e-3, 1le-3, 5e-4, 1le-4, 5e-5, 1e-5
Embedding size 16, 32, 64, 128
Hidden layer size Balancing representation size of encoder
Balancing representation size (d,) 32, 64, 128, 256
Decoder FC hidden units 0.5d,, 1d,, 2d,
Dropout rate 0.1,0.2,0.3,0.4, 0.5
Batch size 8, 16, 32, 64
Random search iterations 30
Learning rate Se-3, 1le-3, Se-4, 1e-4, 5e-5, 1e-5
Embedding size 16, 32, 64, 128
Hidden layer size 32,64, 128, 256
G-Net i Output size (d,) 32, 64, 128, 256
FC hidden units 0.5d,, 1d,, 2d,
Dropout rate 0.1,0.2,0.3,04, 0.5
Batch size 8, 16, 32, 64
Random search iterations 50

Performance Measurement

We use Precision in Estimation of Heterogeneous Effect (PEHE) to evaluate the model performance on ITE estimation.
Specifically, PEHE computes the mean squared error (MSE) between the values of ground truth ITE 6]’- and estimated ITE 6]’-’

as follows,
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PEHE = —§1)? (24)
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Besides the individual-level evaluation, we are also interested in the causal effect over the entire population. We use the error of
Average Treatment Effect (¢ATE) to evaluate the model performance, which is computed as the mean absolute error (MAE)
between the ground truth and estimated ATE as,

N
€ATE = ]' 5 Z L (25)
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Two metrics are all averaged on § follow-up timestamps and PEHE is regarded as the primary evaluation metric.

Additional experimental results

Real-world data

Additional results of the population-level analysis. In addition to the population-level analysis in Fig. 4, we further
calculate the percentage of patients in the target group (i.e., the patients under actual treatments that are different from the
model’s recommendation) among all the patients in Supplementary Table 6.

Supplementary Table 6. The percentage of patients who received treatments different from the model’s recommendation
(median, %).

30-day mortality 60-day mortality
Follow-up period 3 4 5 6 7 3 4 5 6 7
MIMIC-III 50.10 53.40 48.81 3637 2390 | 5041 5324 5038 3639 23.69
AmsterdamUMCdb  54.55 6428 67.46 64.72 59.33 | 5476 6434 68.17 63.00 58.58

To demonstrate the similarity between two groups of patients for mortality comparison, we show the distribution of the
length of ICU stays before the follow-up period and SOFA scores in Supplementary Fig. 2. We randomly select 20 patients
under actual treatments and their matched patients under model-recommended treatments. We observe that the length of the
ICU stays and the SOFA scores are similar within each matched pair (i.e., most blue circles and yellow triangles are overlapped
or close to each other).

191 @ Patients under model-recommended treatments (0] 194
184 Patients under actual treatments 181 @
17 (4] 174 (0]
16 (] 161 @
15 e 151 ®
144 (4 141 ®
© 134 o © 134 L]
o112 e 2121 e
g4 @ & 114 )
*g 104 @ § 10 ]
£ 91 2 94 e
9 84 ® o 84 L]
o 71 S 74 (0]
2 64 () S 61 (4]
51 @ 51 (]
44 (0] 44 (]
3 (4] 31 (]
2 [ ] 2 °
1 (0] 14 0]
0 (] 0 L]
4 6 8 10 12 14 16 2 3 4 5 6 7
Length of the ICU stays before the follow-up period (3-hour timestamp) SOFA scores
(@) (b)

Supplementary Figure 2. Similarity evaluation of 20 randomly selected patients. Fig.2(a) shows the length of the ICU stays
of matched pairs. Fig. 2(b) shows the SOFA scores of matched pairs.
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Besides experiments on septic patients, we also evaluate our model on patients with suspected sepsis who will or will
not develop sepsis eventually. We conduct experiments on the suspected sepsis cohort obtained from the MIMIC-III dataset.
As shown in Supplementary Fig. 3, the mortality rate of patients with treatments received at different timestamps as our
recommendation (under actual treatments) is higher than the average mortality rate baseline, while the mortality rate of patients
with treatments received at the same timestamps as our recommendation is lower than the baseline. This demonstrates that the
model can also provide effective treatment strategies for suspected septic patients.

MIMIC-III: 30-day mortality comparison (avg: 15.4%) MIMIC-III: 60-day mortality comparison (avg: 19.1%)
20.0 254
17.5
20 A
15.0 - === -t " === - - = ="
9 12.5 215
© °
210.0 z
E EE
104
2 7.5 2
5.0
5
2.51 EEE Patients under actual treatments I Patients under actual treatments
I Patients under model-recommended treatments I Patients under model-recommended treatments
0.0 ! ! f 0 ¥ ¥ ¥
3 4 5 3 4 5
Length of follow-up period (3-hour tlmestamp) Length of follow-up period (3-hour tlmestamp)
(a) (b)

Supplementary Figure 3. Mortality rate comparison of suspected septic patients obtained from MIMIC-III dataset. Within
the bar-chart, the error bars denote 95% confidence interval with n=30 bootstrap samples. Blue and red bars denote patients
under actual treatments and patients under model-recommended treatments, respectively. The total mortality rate of two groups
of patients is plotted using a black dashed line, which serves as the baseline.

Quantitative analysis of the width of confidence intervals. In Supplementary Table 7, we show a quantitative analysis of
the relationship between the standard deviations and the length of the follow-up period. We calculate the average standard
deviation of all the patients in the test set for each follow-up step. We observe that the standard deviation increases with the
increase of the follow-up period.

Supplementary Table 7. The average standard deviation of estimated treatment effect 6 in the follow-up period.

¢ 1 2 3 4 5 6
Standard deviation of 5  0.03843  0.03950 0.03975 0.03996 0.03992 0.04011

Influence of the length of the baseline period. We set the maximum length of the baseline period as 16 timestamps.
Here, we aggregate 3-hour as 1 timestamp as the real-world EHR data is commonly sparse and irregularly sampled. Thus 16
timestamps denote 48-hour in physical time. We aim to use the early data collected during the follow-up period for capturing the
personalized characteristics of septic patients and then recommend optimal timing for ATBs in the follow-up period. We also
explore the influence of the length of the baseline period and follow-up period using the MIMIC-III dataset. We evaluate the
performance of factual prediction on SOFA scores over different lengths of the baseline period (8 to 16 timestamps). As shown
in Supplementary Fig. 4, the model achieves the best performance with the length of baseline period equals 16 timestamps.

Comparison experiments on factual prediction. We conduct comprehensive comparison experiments for the factual
prediction of SOFA scores on the MIMIC-III dataset. In Supplementary Table 8, we report the mean and standard deviation of
mean squared error (MSE) of each method among different lengths of the follow-up period. The results show that our method
consistently outperforms all the baselines in the factual prediction of SOFA scores.

Additional individual-level analysis. We showcase the situation that our recommended treatment timing is later than the
factual treatment timing (Supplementary Fig. 5), indicating that the recommended timing of antibiotics depends on the
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Supplementary Figure 4. The influence of the different lengths of baseline period to factual prediction performance on
MIMICH-III dataset.

Supplementary Table 8. Performance comparison of factual prediction of SOFA scores on MIMIC-III dataset. Here, we
report the estimated mean squared error (MSE) of each method among five different lengths of the follow-up period.

Method | =3 (=4 (=5 (=6 (=1
LR 0.739+0.094 0.749+0.099 0.768+0.122 0.8034+0.171 0.841+0.233
Base model RF 0.6134+0.030 0.62440.029 0.634+0.031 0.6384+0.032 0.635+0.028
SVM 0.6394+0.029 0.646+0.030 0.652+0.031 0.656+0.030 0.66040.031
CFR WASS? | 0.646+0.017 0.6574+0.019 0.656+0.015 0.665+0.018 0.67440.015
Representation TARNET? 0.663+0.012 0.682+0.022 0.697+0.014 0.6874+0.017 0.68840.024
learning based GANITE?® 0.877+£0.016 0.884+0.019 0.8924+0.013 0.8964+0.014 0.904+0.013
Dragonnet’ 0.6424+0.012  0.6404+0.009 0.650+0.015 0.6654+0.022 0.666=+0.017
Forest based  C2usal Forest? | 0.657+0.022 0.6664+0.022 0.676+0.020 0.682+0.021 0.68140.020
BART’ 0.579+£0.028 0.594+0.024 0.612+0.028 0.6174+0.022 0.61940.024
Time-varying ~ RMSN 0 0.24740.020 0.2334£0.007 0.260+0.005 0.32140.017 0.378+0.017
based CRN!! 0.225+0.011 0.235+0.008 0.263+0.007 0.31940.018 0.391+0.015
G-Net!? 0.22140.010  0.23040.006 0.261+0.009 0.3134+0.008 0.372+0.012
Ours T4 0.173+£0.013 0.212+0.011 0.248+0.007 0.275+0.013 0.335+0.019

individual patient’s health status. We also provide the model interpretability results in terms of global-level and variable-level
contributions to treatment recommendation in Supplementary Fig. 6.
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Supplementary Figure 5. An example to illustrate the treatment recommendation process. The predicted values of ITEs
(red line with shadowed area denoting the uncertainty estimates) for antibiotic (ATB) recommendation. An ATB will be
recommended to the patient if the upper bound of predicted ITE is lower than zero and will not be recommended if the lower
bound of predicted ITE is higher than zero, where zero is the threshold for determining whether to recommend ATBs. The
patient takes ATB in the early stage of the follow-up period, while the model recommends taking ATB later. The predicted
SOFA score under recommended ATBs (blue) is much lower than the true SOFA score (black line).
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Supplementary Figure 6. An example to illustrate model interpretability on treatment recommendation. The most
important global baseline timestamps (orange area) and variables contributing to the treatment recommendation are denoted at
the top subplot. An ATB is recommended at the end of the baseline period. T4 provides transparent antibiotics
recommendation based on the time-varying variables in the baseline period.
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Semi-synthetic data

The comparison results on the semi-synthetic dataset are shown in Supplementary Table 9. The proposed model yields the best
performance among all the baselines.

Supplementary Table 9. Performance comparison of treatment effect estimation on semi-synthetic datasets based on
MIMIC-III. Here, we report the PEHE of each method among five different lengths of the follow-up period. The results are the
average and standard deviation over 10 random runs.

Method | =3 (=4 =5 (=6 =7
LR 1.707+0.239  1.72340.236 1.741+0.237 1.7504+0.242 1.772+0.246
Base model RF 1.1674£0.217 123640242 122740221 12574021  1.278+0.201
SVM 0.89440.128 0.930+£0.127 0.9414+0.119 0.953+0.115 0.966+0.112
CFR WASS? | 0.782+0.022 0.7914+0.037 0.809+£0.031 0.8314+0.028 0.864 +0.041
Representation TARNET?3 0.814+£0.033 0.837+0.021 0.839+0.042 0.852+£0.031 0.88140.053
learning based  GANITES 0.8214+0.041 0.832+£0.026 0.842+0.024 0.867-+0.037 0.889+0.039
Dragonnet? 0.7584+0.021 0.762+0.018 0.7874+0.073 0.795+0.026 0.823+0.016
Forest baseq | Causal Forest? [ 1.014:£0.127  1.03420.128  1.043£0.126  1.0500.123  1.087=0.129
BART’ 0.7324+0.163 0.744+0.228 0.7924+0.137 0.829+£0.182 0.858+0.205
Time-varying ~ RMSN© 0.483+£0.023 0.502+0.012 0.5374+0.017 0.561+£0.026 0.579+0.023
based CRN!! 0.4804+0.012 0.506+0.024 0.5324+0.021 0.552+£0.021 0.571+0.024
G-Net 12 0.4754+0.013 0.497+0.011 0.534+0.021 0.548+0.023 0.569 +0.027
Ours T4 0.3204+0.027 0.348+0.012 0.372+0.013 0.384:0.022 0.395+0.024
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Synthetic data

The performance of the proposed T4 and existing baseline models on different lengths of follow-up period is shown in
Supplementary Table 10. We vary { = 3 to 7 and observe that T4 demonstrates better performance compared to the baselines
in terms of PEHE and e ATE. We first examine the performance of base machine learning models including LR, RF and SVM.
They directly regard the treatment assignment as an additional feature without considering the influence of confounders. Thus,
the overall performance is lower than the other two categories which adjusts the influence of confounders and selection bias.
Among the three base models, SVM performs better than others for different lengths of the follow-up period.

Representation learning based approaches achieve better performance than the base models. They take advantage of deep
neural network to learn the representations of confounders. GANITE, which adopts the Generative Adversarial Nets (GANs)
for estimating ITEs by modeling the counterfactual distributions, performs better than other representation learning models.
TARNET and CFR WASS share the same fundamental framework excepts that CFR WASS is equipped with Wasserstein
(WASS) as distance measurement for balancing the distribution of different treatment groups in the hidden space. Thus,
the performance of CFR WASS is better than TARNET. Dragonnet achieves comparative performance with TARNET. The
performance of forest based models is relatively better than representation learning based models and BART achieves better
scores than the CF. Time-varying based methods (RMSN and CRN) are designed to estimate ITE with time-varying data. They
generally outperform other baselines which are mainly designed for static data.

Our proposed T4 achieves outstanding performance than all baselines. The model fully considers the temporality of data
by modeling the time-varying confounders via a recurrent neural network, and adjusting the influence of confounders by
constructing pseudo balanced training batches via balancing matching operation. To evaluate the effectiveness of balancing
matching, we design two ablations of the original model. 1) T4-w/o BM: we remove the entire balancing matching component
from the model; 2) T4-w/ Rand.: we augment the training batches with a portion of randomly selected samples. From the
Supplementary Table 10, we observe the performance of T4-w/o BM is lower than the complete T4 model, which demonstrates
that balancing matching improves the model performance by constructing balanced batches and adjusting confounders. We
also find that the performance of T4-w/ Rand. is better than T4-w/o BM but far from T4. The results show that random
mini-batch augmentation only yields limited improvement. Our proposed balancing matching is specifically designed to adjust
the influence of confounding via matching the samples based on the computed balancing scores, and therefore fundamentally
facilitates the ITE estimation. Thus, compared to T4-w/o BM and T4-w/ Rand., T4 achieves the best performance for ITE
estimation. We also consider an enhancing MC-dropout with variational dropout for recurrent networks ! as a replacement for
the original dropout layer (i.e., dropout is applied on the embedding layer). The performance of our model with variational
dropout (T4 (Variat. MC)) is comparable to the model with original dropout layer.

Influence of uncertainty quantification to treatment recommendation

We use the estimated uncertainty to quantify the confidence of estimated ITEs and provided treatment recommendation. In
Supplementary Fig. 7, we demonstrate that our model equipped with uncertainty estimates 1(8’) achieves lower estimation
error when excluding fewer individuals (withholding recommendation) with uncertain estimation compared to other uncertainty
quantification approaches. Here, the percentage of recommendation withheld in the figure denotes the percentage of excluded
individuals with low confidence during the evaluation. The approach of propensity '® computes and rank the propensity scores
(Eq. (12)) for each individual. Then it excludes the individuals with computed propensity scores either close to O or 1. These
individuals are likely to violate the overlap assumption'® in causal inference and lead to inaccurate ITE estimation. The random
approach randomly excludes the individuals and serves as the baseline.

We vary the percentage of recommendation withheld and show the PEHE and €ATE on the remaining data samples in
the figure. We observe that estimated PEHE and €ATE for three approaches all decline with the increasing percentage of
recommendation withheld because samples with high uncertainty and inaccurate ITE estimation are excluded sequentially.
The uncertainty quantification method 1(8’) we adopt in our model achieves the best performance among others in terms
of fast decreasing estimation error when the percentage of recommendation withheld increases. The results demonstrate
that uncertainty quantification helps treatment recommendation by explicitly examining the confidence associated with ITE
estimation and treatment recommendation.
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Supplementary Figure 7. The estimated PEHE and €ATE of different uncertainty quantification approaches when we vary
the percentage of recommendation withheld. The evaluation metrics are reported on the remaining samples with the provided
recommendation.
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Supplementary Figure 8. The performance change with regards to PEHE and ¢ ATE when the percentage of balancing
matching samples in each training batch increases.
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