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Abstract

Sepsis is a life-threatening condition that seriously en-
dangers millions of people over the world. Hopefully, with
the widespread availability of electronic health records
(EHR), predictive models that can effectively deal with
clinical sequential data increase the possibility to predict
sepsis and take timely preventive treatment. However, the
timely prediction is challenging because patients’ sequen-
tial data in EHR contains temporal interactions of multi-
ple clinical events. And capturing temporal interactions
in the long event sequence is hard for traditional LSTM.
Rather than directly applying the LSTM model to the event
sequences, our proposed model firstly aggregates hetero-
geneous temporal clinical events in a short period and then
captures temporal interactions of the aggregated represen-
tations with LSTM. Our proposed Heterogeneous Event
Aggregation can not only shorten the length of clinical
event sequence but also help to retain temporal interac-
tions of both categorical and numerical features of clin-
ical events in the multiple heads of the aggregation rep-
resentations. In the PhysioNet/Computing in Cardiology
Challenge 2019, we have run the official scoring code with
the following results of different metrics: AUROC (0.866),
AUPRC (0.293), Accuracy (0.89), and Utility (0.402).

1. Introduction

Sepsis is a life-threatening condition that arises when the
body’s response to infection causes injury to its tissues and
organs. And the early prediction of the sepsis onset is im-
portant for physicians to take timely preventive treatment.
However, sepsis prediction is a difficult task, because com-
plex risk factors range from a very young or elder age to a
weakened immune system from conditions such as cancer,
diabetes, major trauma, or burns. Hopefully, with the help
of the widespread availability of electronic health records
(EHR), predictive models that can effectively make use of
clinical sequential data increase the accuracy of sepsis pre-
diction performance.

* The two authors have equal contribution to this work.

The timely sepsis prediction is challenging because pa-
tients’ sequential data in EHR contains temporal interac-
tions of multiple clinical events[1, 2]. The interactions of
multiple clinical events include event co-occurrence in a
short period (e.g. two related symptoms occur together)
and event temporal dependency at large time-scale (e.g. A
vital signal abnormally arises several hours after certain
drug injection). One possible solution is directly applying
deep sequential models, such as LSTM[3], on the clinical
event sequence. However, capturing temporal interactions
in the long event sequence is hard for traditional LSTM for
the length of clinical sequences that exceeds the modeling
ability of LSTM.

Rather than directly applying the LSTM model to the
event sequences, some works design hierarchical neural
networks to model the long sequence[4]. For example, ag-
gregating events in a short period into a vector helps to
shorten the original long sequence[5]. However, the infor-
mation of each kind of clinical events is mixed in the ag-
gregation vector, so temporal interactions of these events
are hard to capture.

To address these issues, our proposed model firstly ag-
gregates heterogeneous temporal clinical events in a short
period and then captures temporal interactions of the ag-
gregated representations with LSTM. The Heterogeneous
Event Aggregation module can not only shorten the length
of clinical event sequence but also help to retain temporal
interactions of both categorical and numerical features of
clinical events in the multiple heads of the aggregation rep-
resentations. The separated clinical information in differ-
ent heads makes it easier to capture event temporal inter-
actions in different aggregation vectors. Experiments on
the PhysioNet/Computing in Cardiology Challenge 2019
show that our proposed model is effective and efficient
compared to traditional methods.

2. Dataset and Preprocessing

2.1. Dataset

The EHR data provided publicly for this challenge is
sourced from two separate ICU patients,containing 20000



and 20643 records respectively.Each record is made up of
hourly clinical data for a specific patient.Each row rep-
resent a single hour’s data with 40 column-variables and
an additional label indicating whether the patient will get
sepsis within 6 hours. There are 2932 sepsis patients to-
tally.Firstly, sepsis and normal patients are divided into
train and test set at the same ratio respectively. The larger
2 sets are arranged as a train set, and the remained sets are
arranged as a test set. The training set is further divided
into 5 groups by the same rule to construct cross validation
sets.

2.2. Data preprocessing

In this competition, our goal is to early detecting sepsis
within 6 hours for every single hour’s monitoring data.As
the data monitored posterior to the target hour is cannot
be utilized for prediction, we sample data for each single
hour’s record. Supposing patienti has ti rows, for every
rowj of the record, we collect the data from rowj−L+1 to
rowj(zero filling if j < L) as the eventual dataD ∈ RL,40

for the jth hour record of patienti.
The 40 columns of the records contain 37 numer-

ical variables and 3 two-categorical variables.Different
columns have disparate sampled rates.At the preprocess-
ing stage, we relabel the 3 two-categorical variables to
1-7(with one additional for NaN).Finally we reorder the
categorical variables to the last columns. As for numeri-
cal variables, in order to make the deep model converge
easily, we normalize each column of the numerical vari-
ables within mean value µi and standard deviation σi over
all records for numerical columni.For the ith column of
the tth row of record D, we get the normalization data
Nt,i = (Dt,i − µi)/σi. Finally, we get the processed
data NinRn,L,40(n is total numbers of rows, L is sampled
length of time-window)

3. Proposed Model

In this section, Attention-based sequential representa-
tion model is proposed to early detect sepsis as explained
above. Heterogeneous Event Aggregation (HEA) module
is designed to effectively capture the interaction informa-
tion between the heterogeneous clinical events. After the
dense representation of the sequential data is extracted, it
will be passed on to a one-layer bidirectional LSTM to get
early sepsis detect result.

The motivations of our proposed Heterogeneous Event
Aggregation module are listed following: (1) Modeling in-
teraction of both categorical and numerical heterogeneous
features through event representation. (2) Grouping events
into multiple heads to temporal interaction of different
events. (3) Shortening the length of clinical event sequence

The proposed architecture is shown in figure 1.Given a

Figure 1. The architecture of our proposed model

sequential clinical record(X1, X2, X3...XL), X ∈ RL,40,
our objective is to generate early prediction of sepsis for
the last time step xL.To capture the useful information
of complex interaction among clinical events, Heteroge-
neous Event Aggregation module is proposed.The module
is composed of two steps Events Embedding and Atten-
tional Multihead Aggregation.

3.1. Events Embedding

: Given the sequential clinical data, the first step of our
model is to generate the embedding that can be used to
capture the interaction representation among the heteroge-
neous clinical events[6]. For each time step Xt ∈ R40(the
first 37 columns are numerical variables,and the last 3 are
categorical variables). Random initialized numerical event
vector book Wne ∈ R37,d, categorical event lookup table
Wce ∈ R7,d and value vector table Wv ∈ R37,d are gener-
ated. The embedding for Xt is then generated as:

Et =Mask(Concat(Ent, Ect)) (1)
Ent =Wne +Xt[: 37] ·Wv (2)
Ect = Embeddinglookup(Xt[37 :],Wce) (3)
Kt = Concat(Wne, Ect) (4)

d is the dimensional numbers of embedding Et ∈ R40,d

is eventual event embedding, Ent ∈ R37,d is nurmer-
ical embedding, Ect ∈ R3,d is categorical embedding,
Kt ∈ R40,d is Key vector of both numerical and categori-
cal events.



3.2. Attentional Events Aggregation

:

Figure 2. An example of two-heads events aggregation

Different variables have disparate sampled ratio, with
diverse heterogeneous temporal events, there is abundant
information in the long sequential record. It is difficult to
extract the information through the long sequential data for
the two reasons. (1). Within the long sequential record, the
interaction among heterogeneous events could be complex,
it is difficult to capture the dynamic interaction events rep-
resentation. (2). The total dimensional numbers of the het-
erogeneous events embedding could be disastrously vast,
making it impossible for sequential model to capture the
temporal representation.

In order to effectively capture the dynamic heteroge-
neous temporal events representation, we propose atten-
tional multihead aggregation.Given a time step events em-
bedding Et ∈ R40,d, M randomly initialized head-masks
are generated. Each mask is used to capture different as-
pects of events-interaction at timet with attention-based
modules. At last, all heads are concatenated to produce
the eventual aggregation representation.To be specific, the
details of the aggregation modules are shown as following:

Hi =

40∑
j=1

attscorei(Kj ,Maski) · (WviEj) (5)

attscorei(A,B) = Softmax(attentioni(A,B)) (6)
attentioni(A,B) = (WkiA) ·B (7)

agr = Concat(H1, H2, ...,Hm) (8)

Where Hi ∈ Rd is the ith head of aggregation represen-
tation, agr ∈ RM ·d concatenates all heads , attscorei is
the attention mechanism of the ith Head, getting the aggre-
gation proportion of each event with calculating dot prod-
uct between events and Mask. Each head could capture its

own concerned events information with its corresponding
formed transform matrices Wk,Wv and Mask. Dynamic
heterogeneous events interaction could be implicitly cap-
tured during multihead aggregation.Example of two-heads
aggregation is shown as figure 2

3.3. Sequential Model and Prediction

: For each time step, we get an aggregation representa-
tion.Given a sample record ∈ RL,40, a temporal events
aggregation representation A ∈ RL,M ·d is captured. As
the Long Short-Term Memory (LSTM) be successfully
used in sequential data, we pass on A to one-layer bidirec-
tional LSTM module.We sum up the last-time outputs of
both forward and backward units and get the logits through
a single dense layer with sigmoid activation.
Our objective is a binary classification. The loss function
used is:

L(y, ŷ) = −(y · ŷ) + ((1− y) · (1− ŷ)) (9)

4. Experiment Results

Table 1. Test-metrics for different model

Model AUROC AUPRC Utility score
MLP 0.7763 0.0771 0.2413

Dense-Embedding 0.8013 0.0923 0.3679
8-heads-HEA-Transformer 0.8264 0.1236 0.3968

8-heads-HEA-LSTM 0.8317 0.1289 0.4023
16-heads-HEA-LSTM 0.8354 0.1307 0.4126

The provided data is divided into train and test sets at
the ratio of 7 to 3 respectively over sepsis and normal
patients.To do a further experiment, we divide the data
into train and host sets at the ratio of 9 to 1.And then
5 cross validation sets are averagely partitioned with the
train sets.Evaluation metrics are measured over the host
set. To evaluate our proposed aggregation modules, we di-
rectly use a MLP prediction model, utilize a single dense
layer as embedding, replace LSTM with transformer, set
various numbers of heads to train different models. The
results show that our proposed model obviously improve
the metrics, and have high efficiency.

We measure Area Under the Receiver Operating Char-
acteristic curve(AUC) and Area Under The Precision Re-
call Curve(APC) as our evaluation metrics.

Dense Representation Layer: Given the sampled
record X, the dense representation layer use a single dense
layer with activation to generate the temporal representa-
tion x̂ ∈ RL,40

x̂ = xW + b (10)

W ∈ R40,d is the transformation matrices, x̂ ∈ RL,d.



Table 2. Hold-metrics for HETA

Model AUROC AUPRC Utility score(average/major vote/any vote)
8-heads-HEA-Transformer 0.8186 0.1049 0.3641/0.3635/0.3658

8-heads-HEA-LSTM 0.8206 0.1031 0.3656/0.3613/0.3643
16-heads-HEA-LSTM 0.8224 0.1052 0.3817/0.3750/0.3830

Table 3. Training time of different models

Model Time(*\ min)
8-heads-HEA-Transformer 4

8-heads-HEA-LSTM 9
16-heads-HEA-LSTM 10

Transformer:Given a generated temporal events ag-
gregation representation A ∈ RL, d, transformer use
position-encoding and multihead self-attention modules to
capture the temporal information. Via a multilayer time-
wise self-attention module, temporal information will be
captured within the representation Â ∈ RL,d.At last, a sin-
gle dense layer with sigmoid activation is used to get logits
within the reshape of Â.

Multihead aggregation: We keep dimensional num-
bers(d) as 16 and set heads to be 8 and 16 as 2 different ag-
gregation modules. Our result shows that 16 heads get the
best metrics.We firstly do experiment for different models
over train and test sets. The results over test set are showed
as following Table 1.

The result shows that heterogeneous temporal aggrega-
tion modules could improve the metrics obviously,then we
do the further experiment over cross validation sets. The
results over hold set are showed as following Table 2.

What’s more, our proposed model is in high efficiency,
as it just need to calculate the attention score between
events and multiheads.The aggregation timely cost for 1
time step is O(Ed2M), where E is the numbers of events, d
is the dimensional numbers and M is the numbers of heads.
With one GPU, the experimental training time of different
models over 1024000 samples is showed as following Ta-
ble 3.

We have run the official scoring code with 16-heads-
HETA-LSTM and got the following results of different
metrics: AUROC (0.866), AUPRC (0.293), Accuracy
(0.89), and Utility (0.402).

5. Conclusion

We proposed an attention-based sequential representa-
tion model to do early sepsis prediction from clinical data.
Our proposed model includes two main parts: clinical
events co-occurrence with heterogeneous event aggrega-
tion and temporal interaction capture with LSTM. Exper-

iments in the PhysioNet/Computing in Cardiology Chal-
lenge 2019 show that the heterogeneous event aggregation
module can shorten the length of clinical event sequence
for better temporal dependency modeling, and the sepa-
rated storage strategy of aggregation representation with
different heads retains temporal interactions of events.
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