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ABSTRACT
Human-in-the-loop data analysis involves both machine learning
models and humans in analytic tasks. In healthcare applications,
human-in-the-loop data analysis is crucial in that the model can
handle “easy” tasks and hand over “hard” ones to medical experts
for assistance and medical judgment, where easy tasks are the ones
for which the model can provide high accuracy and hard tasks
vice versa. In this process, how to decompose tasks in an effec-
tive manner is an important stage. To achieve task decomposition,
classification with a reject option is a solution. However, existing
studies either directly implement a reject option or dive into the
theoretical details of the rejection mechanism. Different from such
studies, we aim to optimize general classifiers with a reject option
and hence, optimize task decomposition for healthcare applications.

To this end, we first introduce task decomposition for healthcare
applications, which is a crucial stage in human-in-the-loop health-
care delivery. We then devise a framework PACE to learn effective
task decomposition concentrating on delivering high performance
on the easy tasks. PACE is two-level: on the macro level, PACE em-
ploys the Self-Paced Learning method to select easy tasks for each
training iteration; on the micro level, PACE adapts the weights of
selected tasks through its weighted loss revision strategy. Exper-
imental results in two real-world healthcare datasets show that
PACE outperforms baselines in terms of their performance on the
easy tasks which are expected to be solved by the learning model.
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• Applied computing→ Health informatics.
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Figure 1: An example of easy tasks and hard tasks.

1 INTRODUCTION
Human-in-the-loop data analysis [1, 17] refers to the data manage-
ment tasks that require the participation and involvement of both
machine learning models and humans, e.g., employing crowdsourc-
ing techniques to harness the humans’ expertise for the tasks that
are complex and challenging to solely models [37]. Human-in-the-
loop data analysis is of vital importance to healthcare delivery. Let’s
take the disease progression modeling (DPM) [38] application as an
example in which we aim to predict each patient’s future disease
progression trajectory. We first train a DPM model to achieve sat-
isfactory performance based on the training data available. Then
we deploy the trained model for inference service, i.e., provide
prediction results for newly coming unlabeled tasks. In this infer-
ence phase, we let the model handle only the easy tasks that it
can well predict, and ask doctors for assistance on the hard ones.
After doctors provide their judgment to these hard tasks based on
their domain expertise, such tasks become highly valuable labeled
ones with doctors’ medical knowledge incorporated and should be
utilized as new training tasks.

In the human-in-the-loop healthcare delivery discussed above,
task decomposition is a necessary and important stage as it can
differentiate easy tasks from hard tasks and facilitate the process
that the model handles easy tasks and hands over hard ones to
domain experts. We consider an example scenario in everyday life
to demonstrate what are easy tasks and hard tasks. As shown in
Figure 1, Patient1 exhibits an elevated temperature above the nor-
mal range and an obvious increase in white blood cell (WBC) [43].
Based on such conditions, Patient1 is likely to have some com-
mon infections such as those caused by bacteria or viruses [51].
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Figure 2: Overview of PACE. PACE learns to optimize task
decomposition for human-in-the-loop healthcare delivery,
where electronic medical records (EMR) are a major data
source. Compared with standard predictionmodels, the aim
of PACE is to improve the performance on easy tasks for
which the model can provide high accuracy.

However, Patient2 who has a normal temperature and WBC level,
tends to be diagnosed as uninfected. These two cases are relatively
common and hence, are easy tasks to be predicted well by the
model. Nonetheless, for Patient3 with an abnormal temperature
but without a boosted WBC level, the condition is more complex.
Patient3 may develop some diseases of the immune system such as
HIV [42, 52], or may exhibit some other symptoms closely related
to an increased temperature such as hyperthermia [53], rather than
have any infectious diseases at all. In this sense, Patient3’s condi-
tions are more complex and uncommon; therefore, Patient3 is a
hard task that should be handled by doctors.

In such healthcare applications, backed up by doctors, when
it is not practical to well predict all tasks based on the current
technologies, an AI assistant system that can solve part of the easy
tasks with high accuracy can be highly usable. In this situation,
we hope to conduct task decomposition, i.e., decompose the given
patients into easy tasks and hard tasks. For the easy tasks, we can
rely on themodel for providing prediction results, while for the hard
tasks, we need to turn to medical experts for advice and assistance.

To achieve task decomposition, classification with a reject option
is a solution. It is different from standard classification models in
that instead of always providing a hard decision, a reject option
is allowed for some tasks. Its key idea is to reject to provide a
prediction for some tasks in order to achieve better performance on
the tasks accepted. There are some existing studies on classification
with a reject option [26, 47, 48, 50]. However, they either implement
a reject option directly [26, 47] or focus on studying the theoretical
characteristics of the rejection mechanism [48, 50].

Different from these existing studies, in this paper, we propose a
general framework PACE that aims to oPtimize tAsk deComposition
for hEalthcare applications, where neural networks and deep hi-
erarchical models are often the prevailing choices. The overview
of PACE is illustrated in Figure 2. For evaluating the performance
of task decomposition, we use a Metric-Coverage plot in which
the y-axis denotes the evaluation metric we are interested in and
the x-axis denotes the percentage of tasks (ordered from easy to

hard1) we incorporate into the model. This Metric-Coverage plot
can reflect the model’s prediction performance clearly. As illus-
trated in Figure 2, given all input tasks, models provide prediction
results shown in the Metric-Coverage plot. Based on the plot, given
a coverage C, we can differentiate which tasks are easy for the
model to handle and which ones are hard, hence in need of doctors’
assistance. As shown in Figure 2, compared with traditional predic-
tion models, the aim of PACE is to optimize general classifiers with
a reject option, and boost the generalization performance on easy
tasks, i.e., raise the front part of the Metric-Coverage plot2.

Specifically, PACE can re-weight the given tasks both on the
macro level and on the micro level. On the macro level, PACE em-
ploys the Self-Paced Learning (SPL) [32] method to select the easy
tasks and incorporate them in each training iteration. Drilling down,
for the selected tasks, PACE devises a weighted loss revision L𝑤
to adapt the weights of different tasks on the micro level, specif-
ically, to give more weight to either correctly predicted tasks or
confidently predicted tasks.

To summarize, our contributions are as follows:
• We identify task decomposition, which is a vitally necessary and
important stage to human-in-the-loop healthcare delivery.
• We devise a general two-level framework PACE to optimize task
decomposition for healthcare applications. Specifically, PACE re-
weights the task distribution by selecting easy tasks adaptively
during the training process on the macro level and re-weighting
the loss for each task based on its difficulty on the micro level.
• We evaluate the effectiveness of PACE in two real-world health-
care datasets, for intensive care unit (ICU) patient in-hospital
mortality prediction and chronic kidney disease (CKD) patient de-
terioration prediction respectively. Extensive experiments show
that compared with baseline methods, PACE can substantially
improve the generalization performance on easy tasks.
The rest of this paper is organized as follows. In Section 2, we

review related work. In Section 3, we discuss some preliminaries
and in Section 4, we formalize the problem. Section 5 describes our
proposed two-level framework PACE to optimize task decomposi-
tion for healthcare applications. In Section 6, we demonstrate the
experimental results. Finally, we conclude in Section 7.

2 RELATEDWORK
2.1 Classification with a Reject Option
Classification with a reject option or selective classification, is an
attractive method for improving classification performance in prac-
tical applications where a standard model cannot achieve a desired
sufficiently low error. Specifically, a reject option is allowed for
certain tasks instead of a hard decision and then, these tasks are fur-
ther fed to exceptional handling such as manual inspection. Hence,
classification with a reject option can guarantee the classification
performance through filtering out some tasks to reject, and is of
vital importance in some mission-critical classification tasks such
as medical diagnosis and bioinformatics [26, 47].

1In Figure 2, given a pre-defined coverage value C in the x-axis, the tasks in the range
[0, C] are considered as easy tasks and the tasks in the range (C, 1] as hard tasks.
2This is the case where the evaluation metric has a positive correlation with the
model’s performance, e.g., area under the ROC curve (AUC).
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There exists a long stream of research on classification with a
reject option [4, 11, 15, 18, 22, 23, 25–27, 47, 48, 50]. Among these
existing studies, some implement a reject option within a specific
learning scheme directly [26, 47]. Others focus on the theoretical
analysis of rejection mechanisms [4, 11, 15, 18, 22, 23, 25, 27, 48, 50].
Different from them, we propose a general framework PACE for
applications in which neural networks and deep hierarchical models
are prevailingly employed.

2.2 Task-based Re-weighting Methods
Transfer learning [44] between task domains is proposed to alleviate
the problem that training data and testing data may be drawn
from different distributions. Curriculum learning [7] can be viewed
as a special form of transfer learning in that the chosen initial
tasks guide the model to perform better in the final analytics [46].
Its key idea is to start training the model with some easy tasks
and then gradually incorporate hard tasks into the training set.
One deficiency of curriculum learning lies in that it needs a pre-
defined criterion on the easiness of a task, which is difficult to derive
in many real-world applications. To alleviate this, an improved
method, self-paced learning (SPL) [32] is proposed, the key idea of
which is to define a task’s easiness in terms of the model’s ability to
predict its true output. Specifically, SPL selects easy tasks in each
iteration, and updates the parameters repeatedly until convergence.

From another perspective on whether to re-weight the given
tasks, there also exists a close relationship between SPL, curriculum
learning, and transfer learning. One widely applied approach in
transfer learning is instance-transfer, which aims to re-weight the
tasks in the source domain for contributing more to the target
domain [29, 44]. From this point of view, we can consider curriculum
learning and SPL in the instance-transfer approach category as they
both need to re-weight the tasks according to a certain criterion.
However, the difference lies in that existing studies in instance-
transfer focus on the problem that training data and testing data
are not under the same distribution, and try to solve it to improve
the performance on testing data. Our aim is different as we hope to
re-weight the tasks in the training data for improving the model’s
capability of differentiating easy tasks from hard ones and hence,
improve the model’s generalization performance on easy tasks.

Another related study is [34], in which a novel Focal Loss based
on a revision of the standard cross-entropy loss is proposed. As a
result, the proposal can solve the class imbalance problem in the
datasets through down-weighting the easy negative tasks and thus,
avoid such tasks overwhelming the model training.

2.3 Healthcare Data Analytics
Healthcare data analytics makes use of healthcare data such as
EMR data to derive healthcare insights and provide better pa-
tient management, more accurate diagnosis, prognosis, etc [5, 8–
10, 13, 14, 35, 36, 56–58]. However, most existing studies generally
optimize the “average” performance for all tasks, which is often
not satisfactory, as in healthcare applications, the accuracy of pre-
dictions should be considered as a more crucial requirement than
giving predictions to all tasks. The model should not have to predict
for all tasks. Instead, it should be trained to obtain the differentiat-
ing capability of easy/hard tasks, and only cope with the tasks they

are capable of learning and predicting. For the easy tasks which
can be predicted by the model accurately, the model can provide
predictions, whereas the remaining tasks can be handed over to
medical experts for further assistance.

3 PRELIMINARIES
To simplify the notations, we introduce the classification with a
reject option in the case of binary classification. Let X ∈ R𝑑𝑥
and Y = {+1,−1} be a feature space and a label space, denoting
𝑑𝑥 -dimensional feature vectors and the corresponding label, respec-
tively. A standard binary classifier corresponds to 𝑓 : X → Y,
which is learned based on a finite set of 𝑀 training tasks 𝑆𝑀 =

{(xi, 𝑦𝑖 )}𝑀𝑖=1. In each task (xi, 𝑦𝑖 ), xi ∈ X is the input feature vector
and 𝑦𝑖 ∈ Y is the corresponding label. All𝑀 tasks are assumed to
be sampled i.i.d. from an unknown probability distribution 𝑃 (𝑋,𝑌 )
over X ×Y.

For classification with a reject option, the output is (𝑓 , 𝑟 ), where
𝑓 is a standard binary classifier and 𝑟 : X → {0, 1} is a selection
function denoting whether to reject a task or not. If 𝑟 (x) = 0, the
classifier will reject this task; otherwise, the classifier will accept it.
The value of 𝑟 (x) is determined by both a function ℎ : X → [0, 1]
and a predefined rejection threshold 𝜏 :

𝑟 (x) =
{
0 if ℎ(x) ≤ 𝜏 ,
1 otherwise.

(1)

Two representative characteristics of a classifier with a reject
option (𝑓 , 𝑟 ) are Coverage and Risk.

Definition 3.1. Coverage C(𝑓 , 𝑟 ). The coverage of (𝑓 , 𝑟 ) is the
percentage of the accepted tasks out of all tasks:

C(𝑓 , 𝑟 ) ≜
∑𝑀
𝑖=1 𝐼 (𝑟 (xi) = 1)

𝑀
(2)

Note that 𝐼 (·) is the indicator function, which assumes 1 if the
argument is true, and 0 otherwise. The risk of a classifier with a
reject option is defined as follows.

Definition 3.2. Risk R(𝑓 , 𝑟 ). For a bounded loss function 𝑙 : Y ×
Y → [𝑎, 𝑏], the risk of (𝑓 , 𝑟 ) is the average loss on the tasks that
are accepted:

R(𝑓 , 𝑟 ) ≜
∑𝑀
𝑖=1 𝑙 (𝑓 (xi), 𝑦𝑖 ) · 𝑟 (xi)∑𝑀

𝑖=1 𝐼 (𝑟 (xi) = 1)
(3)

The essence of classification with a reject option is to trade off
coverage for better performance, i.e., lower risk in this case. The
theoretical characteristics of the Risk-Coverage trade-off are studied
in some existing studies such as [48, 50]. Different from them, our
proposed framework PACE targets at optimizing the performance
of general classifiers with a reject option. To clearly illustrate the
improvement of the model’s performance, we introduce a Metric-
Coverage plot to illustrate the performance of a classifier with a
reject option (𝑓 , 𝑟 ).

Definition 3.3. Metric-Coverage Plot. In the Metric-Coverage plot,
for each coverage C in the x-axis, the y-axis value is the correspond-
ing metric value achieved when the C tasks are accepted as input
by (𝑓 , 𝑟 ).
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Figure 4: Task decomposition is to decompose the given
tasks T into T1 (i.e., the tasks that are easy to classify) and T2
(i.e., the tasks that are hard to classify).

An example Metric-Coverage plot is shown in Figure 3(a). In
practice, we can choose the evaluation metrics we are interested
in, such as AUC, etc. The aim of PACE is to optimize the classifier
with a reject option, i.e., to improve the performance on easy tasks
and hence, to raise the front part of the Metric-Coverage plot as
illustrated in Figure 3(b).

4 PROBLEM FORMULATION
The key idea of task decomposition is demonstrated in Figure 4, in
which the negative/positive sample distribution in both predictions
and ground truths are illustrated. Specifically, given a set of tasks
T to classify, task decomposition is to decompose T into two sets
of tasks T1 and T2, where T1 contains tasks easy to classify, and T2
contains tasks hard to classify.

To achieve task decomposition, we propose to cover a subset of
tasks out of all tasks available via a classifier with a reject option
in order to achieve the desired Risk-Coverage trade-off based on
the specific domain requirements.

For our classifier with a reject option (𝑓 , 𝑟 ), when defining the
selection function 𝑟 (x) based on the function ℎ(x) as discussed
in Section 3, we set ℎ(x) as the probability of the predicted class.
We propose a framework PACE to achieve the optimization of task
decomposition as in Definition 4.1. Specifically, PACE adapts the
weights of tasks during training in order to differentiate easy tasks
from hard ones.

Definition 4.1. Optimization of Task Decomposition. Optimization
of task decomposition is to assign different weights to ∀𝑡𝑖 ∈ T
such that an easy task 𝑡𝑖1 ∈ T1 and a hard task 𝑡𝑖2 ∈ T2 can be
differentiated via their corresponding new weights𝑤𝑡

𝑖1 and𝑤
𝑡
𝑖2.

Table 1: Notations

Notation Description

X, Y Feature space, label space

𝑆𝑀 , (xi, 𝑦𝑖 ) 𝑀 tasks for training, 𝑖-th task

(𝑓 , 𝑟 ) Classifier with a reject option

C(𝑓 , 𝑟 ) Coverage of (𝑓 , 𝑟 )

R (𝑓 , 𝑟 ) Risk of (𝑓 , 𝑟 )

𝐾 Number of iterations to run for SPL warm-up

𝜆 A hyperparameter for SPL threshold updating

W Parameters in neural networks

𝑚𝑖 Indicator of easiness for 𝑖-th task

𝑝 Model’s prediction of the class 𝑦 = 1

𝑝𝑔𝑡 Model’s prediction of the ground truth class

𝑢𝑔𝑡 Model’s computation before activation to 𝑝𝑔𝑡
L𝐶𝐸 Standard cross-entropy loss

L𝑤1 Loss revision in Strategy 1

𝑝
𝑤1
𝑔𝑡 𝑝𝑔𝑡 revision in Strategy 1

L ¬𝑤1
Loss revision in Strategy 1’s opposite design

𝑝
¬
𝑤1
𝑔𝑡 𝑝𝑔𝑡 revision in Strategy 1’s opposite design

𝛾 A hyperparameter in Strategy 1

L𝑤2 Loss revision in Strategy 2

L ¬𝑤2
Loss revision in Strategy 2’s opposite design

Γ Number of time steps in GRU

𝑇 A hyperparameter in temperature-based methods

With the differentiating capability of easy/hard tasks, PACE can
improve the model’s generalization performance on easy tasks in
testing data. The notations used in the remaining sections of this
paper are summarized in Table 1.

5 THE PACE FRAMEWORK
In this section, we introduce our two-level framework PACE. We
start with the macro-level SPL-based training to choose easy tasks
to incorporate in each iteration, and then introduce our proposed
two strategies for the micro-level weighted loss revision. Finally,
we discuss the combination of these two levels.

5.1 Macro-level SPL-based Training
For neural networks, the parameter updating process can be consid-
ered as to optimize an objective function involving parameters W,
and the objective function is generally composed of a regularization
function Ω(·) and a loss function, e.g., cross-entropy loss (L𝐶𝐸 )
for classification. The update of W for optimizing the objective
function is:

Wt+1 = argmin
W

(Ω(W) +
𝑀∑
𝑖=1
L𝐶𝐸 (xi, 𝑦𝑖 ;W)) (4)

When taking into account SPL-based training, we introduce the
indicator variable𝑚𝑖 for each task (xi, 𝑦𝑖 ), denoting whether the
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Algorithm 1: SPL-based training with a weighted loss revision L𝑤 for updating parameters in a neural network

Input: 𝑀 tasks 𝐷 = {(x1, 𝑦1), ..., (xM, 𝑦𝑀 )} where xi is the feature vector of the 𝑖-th task and 𝑦𝑖 is the corresponding label, initial
parameters W0, 𝑁0, 𝜆0 and tolerance 𝜀.

1: Initialize 𝑡 ← 0, 𝑁 ← 𝑁0, 𝜆 ← 𝜆0.
2: repeat
3: Given parameters Wt, obtain the optimum mt as𝑚𝑖 = 𝐼 (L𝑤 (xi, 𝑦𝑖 ;Wt) < 1

𝑁
), where 𝐼 (·) is the indicator function.

4: Denote the tasks {(xi, 𝑦𝑖 )} with𝑚𝑖 = 1 as 𝑋𝑠 , 𝑌𝑠 , compute 𝑌 𝑠 ← 𝑁𝑒𝑢𝑟𝑎𝑙𝑁𝑒𝑡𝑤𝑜𝑟𝑘 (𝑋𝑠 ,Wt).
5: Optimize Wt+1, bt+1 to minimize L𝑤 (𝑌 𝑠 , 𝑌𝑠 ) = Ω(W) +∑𝑀𝑖=1𝑚𝑖L𝑤 (xi, 𝑦𝑖 ;W) − 1

𝑁

∑𝑀
𝑖=1𝑚𝑖 .

6: 𝑡 ← 𝑡 + 1, 𝑁 ← 𝑁
𝜆
.

7: until𝑚𝑖 = 1 for ∀𝑚𝑖 , and the objective function cannot be decreased further by tolerance 𝜀.

task is easy or not. Then the revised parameter updating in each
iteration is defined below:

Wt+1 = argmin
W

m∈{0,1}𝑀

(Ω(W) +
𝑀∑
𝑖=1

𝑚𝑖 (L𝐶𝐸 (xi, 𝑦𝑖 ;W) −
1
𝑁
))

= argmin
W

m∈{0,1}𝑀

(Ω(W) +
𝑀∑
𝑖=1

𝑚𝑖L𝐶𝐸 (xi, 𝑦𝑖 ;W) −
1
𝑁

𝑀∑
𝑖=1

𝑚𝑖 )

(5)

where only the tasks with𝑚𝑖 = 1 (i.e., easy tasks) are taken into
account, and 1/𝑁 is the loss threshold for determining whether to
incorporate a task in each training iteration or not. In the parameter
updating process, we gradually decrease the value of 𝑁 such that
the threshold becomes larger and more tasks will be included in
the training. Finally, all tasks will be included. We consider the
variables W and m as two sets of variables, and employ the al-
ternative convex search (ACS) [6] method to optimize W and m
alternatively. Therefore, we can obtain an efficient approximate
solution to Equation 5.

The algorithm for SPL-based training to update parameters in
a neural network is demonstrated in Algorithm 1. As shown, the
input includes the tasks with both the feature vectors and the labels.
The parameters W are initialized to W0. We note that W0 can be
set via SPLwarm-up in which we set𝑚𝑖 = 1 for all tasks and update
the parameters in the neural network for a small yet fixed number
of iterations 𝐾 . The values of 𝑁0, 𝜆0 and 𝜀 are also given. In Line 1,
we initialize 𝑡 that is the iteration number, 𝑁 that is related to the
threshold for selecting tasks in each iteration and 𝜆 (𝜆 > 1 is a
constant) that is used to iteratively decrease 𝑁 .

In Lines 2-6, we iteratively update the parameters W in the neu-
ral network until the stopping criterion is met. In Line 3, given the
current parameters, we compute the optimum mt based on the indi-
cator function. Alternatively, in Line 4, we select easy tasks 𝑋𝑠 , 𝑌𝑠
based on the computedmt and further employ𝑁𝑒𝑢𝑟𝑎𝑙𝑁𝑒𝑡𝑤𝑜𝑟𝑘 (𝑋𝑠 ,
Wt) to predict the labels 𝑌 𝑠 as 𝑌 𝑠 . Next, in Line 5, we update W
according to Equation 5 with the selected tasks, but with a weighted
loss revision L𝑤 , which will be further explained in Section 5.2.
At the end of this iteration, we update the iteration number 𝑡 , and
decrease 𝑁 with 𝜆 as shown in Line 6.

This iterative process will be ended if all tasks are incorporated
in the training and the model converges such that the loss function
cannot be decreased further by a pre-defined tolerance 𝜀.

5.2 Micro-level Weighted Loss Revision L𝑤
We first introduce the standard L𝐶𝐸 for binary classification. Given
the ground truth class 𝑦 ∈ {+1,−1}, L𝐶𝐸 is defined in Equation 6,
where 𝑝 is the model’s predicted probability of the class 𝑦 = 1.

L𝐶𝐸 (𝑝,𝑦) =
{
− log𝑝 if 𝑦 = 1,
− log(1 − 𝑝) otherwise.

(6)

For notational simplicity, we define 𝑝𝑔𝑡 as the model’s predicted
probability of the ground truth class below.

𝑝𝑔𝑡 =

{
𝑝 if 𝑦 = 1,
1 − 𝑝 otherwise.

Hence, the standard L𝐶𝐸 can be expressed as:

L𝐶𝐸 (𝑝,𝑦) = L𝐶𝐸 (𝑝𝑔𝑡 ) = − log(𝑝𝑔𝑡 ) (7)

We define a new variable 𝑢𝑔𝑡 , representing the model’s com-
puted result before the 𝑠𝑖𝑔𝑚𝑜𝑖𝑑 activation function (𝜎 (·)), i.e., 𝑝𝑔𝑡 =
𝜎 (𝑢𝑔𝑡 ). When𝑢𝑔𝑡 > 0, we know 𝑝𝑔𝑡 > 0.5 denoting that the model’s
prediction is correct.

With the aforementioned definitions, we next elaborate on our
two proposed weighted loss revision strategies and explain the
underlying rationale for each design.

5.2.1 Strategy 1: Assign More Weight to Correctly Predicted Tasks.
The key idea of this strategy is to assign more weight to the tasks
that are correctly predicted by the model. This task distribution
re-weighting is achieved via modifying the derivative of the loss
function w.r.t.𝑢𝑔𝑡 , i.e., 𝑑L/𝑑𝑢𝑔𝑡 and we denote this strategy as L𝑤1 .

Specifically, we revise the original 𝑝𝑔𝑡 to 𝑝𝑤1
𝑔𝑡 , and revise the

standard L𝐶𝐸 to L𝑤1 as follows.

𝑝
𝑤1
𝑔𝑡 = 𝜎 (𝛾 · 𝑢𝑔𝑡 )

L𝑤1 (𝑝𝑔𝑡 ) = −
1
𝛾
log 𝑝𝑤1

𝑔𝑡

To explain the underlying rationale for this revision strategy more
clearly, we derive 𝑑L𝑤1/𝑑𝑢𝑔𝑡 :

𝑑L𝑤1

𝑑𝑢𝑔𝑡
= 𝜎 (𝛾 · 𝑢𝑔𝑡 ) − 1 (8)

We set𝛾 = 1/2 in this strategy. For illustration, we plot this function
together with L𝐶𝐸 ’s derivative in Figure 5. As shown, as soon as
𝑢𝑔𝑡 > 0, which means the task is correctly predicted, the absolute
value of 𝑑L𝐶𝐸/𝑑𝑢𝑔𝑡 is small. However, in this case, our proposed
L𝑤1 still assigns a relatively large absolute derivative value (i.e.,
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Figure 5: Derivative function 𝑑L/𝑑𝑢𝑔𝑡 of the standard cross-
entropy loss L𝐶𝐸 and four different weighted loss revisions.
L𝑤1 assigns more weight to correctly predicted tasks via a
larger |𝑑L𝑤1/𝑑𝑢𝑔𝑡 | when 𝑢𝑔𝑡 > 0, while L ¬𝑤1

is its opposite de-
sign.L𝑤2 assignsmoreweight to confidently predicted tasks,
i.e., less weight to unconfident ones via a smaller |𝑑L𝑤2/𝑑𝑢𝑔𝑡 |
when 𝑢𝑔𝑡 is near 0, while L ¬𝑤2

is its opposite design.

|𝑑L𝑤1/𝑑𝑢𝑔𝑡 |) to such tasks, because we think such correctly pre-
dicted tasks are informative to optimize the loss function.

For comparison, we propose an opposite weighted loss revision
L ¬𝑤1

, which assigns less weight to correctly predicted tasks than

L𝐶𝐸 . The corresponding 𝑝
¬
𝑤1
𝑔𝑡 and L ¬𝑤1

(𝑝𝑔𝑡 ) also follow the design
of Strategy 1 but with a 𝛾 larger than 1. We set 𝛾 = 2 in our experi-
ments. We then derive 𝑑L ¬𝑤1

/𝑑𝑢𝑔𝑡 = 𝜎 (2𝑢𝑔𝑡 ) − 1 and also plot this
derivative function in Figure 5. Compared with the standard L𝐶𝐸 ,
L ¬𝑤1

tends to assign less weight to the tasks with 𝑢𝑔𝑡 > 0, i.e., the
correctly predicted tasks.

5.2.2 Strategy 2: Assign More Weight to Confidently Predicted Tasks.
In this weighted loss revision, our strategy is to give more weight
to the tasks that are predicted more confidently regardless of the
correctness of the prediction. To achieve this goal, we multiply a
weight function 𝑤 (𝑝𝑔𝑡 ) to 𝑑L𝐶𝐸/𝑑𝑝𝑔𝑡 , such that we assign less
weight when 𝑝𝑔𝑡 is near 0.5 denoting an unconfident prediction,
but assign more weight when 𝑝𝑔𝑡 → 0 or 𝑝𝑔𝑡 → 1 representing a
confident prediction.

In our strategy, we use 𝑤 (𝑝𝑔𝑡 ) = 1 − 𝑝𝑔𝑡𝑎 (1 − 𝑝𝑔𝑡 )𝑎 and we
set 𝑎 = 1 in our experiments. Then we can derive 𝑑L𝑤2/𝑑𝑝𝑔𝑡 and
integrate it toL𝑤2 (𝑝𝑔𝑡 ) as follows. The constant 𝑐1 is added to meet
the constraint that when 𝑝𝑔𝑡 = 1, the corresponding loss is 0.

𝑑L𝑤2

𝑑𝑝𝑔𝑡
=
𝑑L𝐶𝐸
𝑑𝑝𝑔𝑡

·𝑤 (𝑝𝑔𝑡 ) = −
1
𝑝𝑔𝑡
+ 1 − 𝑝𝑔𝑡

L𝑤2 (𝑝𝑔𝑡 ) = − log 𝑝𝑔𝑡 + 𝑝𝑔𝑡 −
1
2
𝑝2𝑔𝑡 + 𝑐1

We further derive 𝑑L𝑤2/𝑑𝑢𝑔𝑡 as follows:
𝑑L𝑤2

𝑑𝑢𝑔𝑡
= − 𝑒−𝑢𝑔𝑡

1 + 𝑒−𝑢𝑔𝑡 +
𝑒−𝑢𝑔𝑡

(1 + 𝑒−𝑢𝑔𝑡 )2
− 𝑒−𝑢𝑔𝑡

(1 + 𝑒−𝑢𝑔𝑡 )3
(9)

We also plot this function in Figure 5 for explaining the underlying
rationale. As shown, the difference between the standard L𝐶𝐸 ’s
derivative and L𝑤2 ’s derivative lies in that when 𝑢𝑔𝑡 is near 0 (i.e.,
𝑝𝑔𝑡 is near 0.5), L𝑤2 assigns less weight to such unconfidently

predicted tasks. As a result, L𝑤2 relatively assigns more weight to
confident tasks and less weight to unconfident tasks.

To better illustrate our strategy’s effectiveness, we propose an
opposite weighted loss revision with a weight function ¬

𝑤 (𝑝𝑔𝑡 ) =
1+ 𝑝𝑔𝑡𝑎 (1− 𝑝𝑔𝑡 )𝑎 and set 𝑎 = 1 in our experiments. We then derive
𝑑L ¬𝑤2

/𝑑𝑝𝑔𝑡 and integrate it to L ¬𝑤2
(𝑝𝑔𝑡 ) shown below. 𝑐2 is added

for the same reason as in 𝑐1 of L𝑤2 .
𝑑L ¬𝑤2

𝑑𝑝𝑔𝑡
=
𝑑L𝐶𝐸
𝑑𝑝𝑔𝑡

· ¬𝑤 (𝑝𝑔𝑡 ) = −
1
𝑝𝑔𝑡
− 1 + 𝑝𝑔𝑡

L ¬𝑤2
(𝑝𝑔𝑡 ) = − log 𝑝𝑔𝑡 − 𝑝𝑔𝑡 +

1
2
𝑝2𝑔𝑡 + 𝑐2

We further derive 𝑑L ¬𝑤2
/𝑑𝑢𝑔𝑡 as follows:

𝑑L ¬𝑤2

𝑑𝑢𝑔𝑡
= − 𝑒−𝑢𝑔𝑡

1 + 𝑒−𝑢𝑔𝑡 −
𝑒−𝑢𝑔𝑡

(1 + 𝑒−𝑢𝑔𝑡 )2
+ 𝑒−𝑢𝑔𝑡

(1 + 𝑒−𝑢𝑔𝑡 )3
(10)

As illustrated in Figure 5, when 𝑢𝑔𝑡 is near zero, the absolute de-
rivative value of L ¬𝑤2

is larger than that in L𝐶𝐸 . Therefore, the
unconfident tasks will pose a larger decrease in the loss, whereas
the confident ones pose a smaller decrease in the loss. As a result,
this weighted loss revision L ¬𝑤2

will guide the model to assign less
weight to the confidently predicted tasks.

5.3 SPL-based Training with L𝑤
We combine the proposed techniques as shown in Algorithm 1,
such that we employ SPL-based training on the macro level and
re-weight the task distribution via the weighted loss revision L𝑤
on the micro level.

We adopt this combined algorithm to train a deep learning model
for binary classification. In this model, we employ the gated recur-
rent unit (GRU) [12], a state-of-the-art recurrent neural network
(RNN) model to capture the dynamic information in time-series
EMR data.

Specifically, we feed the input time-series EMR data x(t) (𝑡 ∈
{1, 2, . . . , Γ}) representing input medical features in consecutive
time steps to go through GRU to calculate the hidden state h(t) for
each time step 𝑡 . Then we obtain the last time step’s computation
result h(Γ) as the summary of all the previous information. We
conduct an affine transformation on h(Γ) :

u = W(u)h(Γ) + b(u)

Then the output u is fed to the 𝑠𝑖𝑔𝑚𝑜𝑖𝑑 activation function, and
the derived probability 𝑝 is then used to optimize the loss function,
chosen from the standard L𝐶𝐸 or L𝑤1 , L ¬𝑤1

, L𝑤2 , L ¬𝑤2
as proposed

in Section 5.2.

6 EXPERIMENTAL EVALUATION
6.1 Experimental Set-up
We conduct the experimental evaluation in two real-world datasets.
MIMIC-III Dataset is a public dataset [30] recording EMR data
for more than 40,000 patients admitted to the critical care units
between 2001 and 2012. In this dataset, each admission denotes a
patient’s one visit to the ICU. For each admission, an in-hospital
mortality label is recorded representing if the patient passes away
in the hospital. We extract the admissions longer than 48 hours
as tasks, partition each task’s first 48 hours’ data into two-hour
time windows and aggregate the features within each time window

Research Data Management Track Paper  SIGMOD ’21, June 20–25, 2021, Virtual Event, China

2161



Table 2: Dataset Statistics
Statistics MIMIC-III NUH-CKD

# of Features 710 279
# of Tasks 52665 10289

# of Positive Tasks 4299 3268
# of Negative Tasks 48366 7021

Positive Rate 8.16% 31.76%
Time Window Length 2 hours 1 week
# of Time Windows 24 28

as input. Then we model this ICU patient in-hospital mortality
prediction as a binary classification problem.
NUH Dataset is a real-world longitudinal EMR dataset from Na-
tional University Hospital (NUH) in Singapore, with which we have
close cooperation on healthcare analytics. The NUH dataset records
the data of more than 100,000 patients admitted in 2012, and the
recorded data includes patients’ diagnoses, lab tests, procedures,
medications, etc. In our collaborative project with doctors in NUH,
we focus on studying the patients with CKD; hence, we choose
Stage 3 (or latter stages) [2] CKD patients as our cohort and extract
this cohort as the NUH-CKD dataset.

According to doctors’ advice and medical references [3], it is
medically important to monitor the situation of CKD Stage 3 (or
latter stages) patients and check if they will develop more seri-
ous kidney damage. Therefore, we predict if the patients in our
cohort will deteriorate in the future, and model this CKD patient
deterioration prediction as a binary classification problem. We
incorporate each patient’s 28-week lab test data as input to predict
if his/her condition will deteriorate in the future. We measure the
CKD patients’ severity based on a lab test Glomerular Filtration
Rate (GFR) [41] and a smaller GFR value indicates a more severe
state of CKD patients.

Some statistics of these two datasets are shown in Table 2. In
this table, “Positive Tasks” represent the admissions in which the
patient passes away in hospital in the MIMIC-III dataset and the
tasks in which the patient deteriorates in the NUH-CKD dataset.
“Positive Rate” is computed as the ratio between “# of Positive Tasks”
and “# of Tasks”. We find that the MIMIC-III dataset has a more
severe class imbalance problem, so we conduct oversampling in the
MIMIC-III dataset. Moreover, we note that “# of Time Windows” is
the same as the number of time steps Γ in Section 5.3.

We randomly partition all data into 80% training data, 10% vali-
dation data, and 10% testing data. During training, we choose the
hyperparameters which can achieve the best performance in valida-
tion data (when coverage = 1.0), and then apply the trained model
on testing data for reporting performance.

For both applications, we use the AUC value as the performance
metric and illustrate the AUC-Coverage plot in testing data for eval-
uation. Each AUC-Coverage plot is drawn 10 times corresponding
to 10 repeats and then averaged for illustration. In each plot, we
draw lines parallel to the y-axis when the coverage is 0.1, 0.2, 0.3,
0.4, and 1.0 for a clearer comparison.

Specifically, the RNN dimension, i.e., the dimension of h(t) in
Section 5.3, is 32 in both datasets, and the learning rate is 0.001
and 0.002 in the MIMIC-III dataset and the NUH-CKD dataset re-
spectively. Both hyperparameters are tuned via grid search. Other

hyperparameters include the batch size of 32, and the epoch number
of 100 with early stopping.

6.2 Main Results
As shown later in the ablation study (Section 6.3), our proposed
SPL-based training outperforms the standard L𝐶𝐸 (Section 6.3.1)
and our proposed L𝑤1 achieves the best performance among all
weighted loss revisions (Section 6.3.2) with 𝛾 = 1/2 (Section 6.3.5).
Further, PACE achieves the best performance when the hyperpa-
rameter 𝜆 that influences the threshold for task selection is set
to 1.3 (Section 6.3.4). Therefore, we compare PACE, which is the
combination of SPL and L𝑤1 , i.e., our best-performing proposed
method with the aforementioned hyperparameter settings, with
other methods as the main results.

In this section, we conduct three experiments. First, we compare
PACE with several baseline classifiers that are widely used in prac-
tice in Section 6.2.1. Second, we compare PACE with temperature-
based methods which also revise the derivative function 𝑑L/𝑑𝑢𝑔𝑡
in Section 6.2.2. Third, we compare PACE with temperature-based
methods with SPL-based training in Section 6.2.3.

6.2.1 Comparison with Baseline Classifiers. In this experiment, we
select several widely used baselines for comparison as follows.
• LR, short for Logistic Regression, is a classifier widely applied
in various applications [19]. We set 𝜑 = 0.001 in the MIMIC-III
dataset and 𝜑 = 1 in the NUH-CKD dataset where the parameter
𝜑 controls the regularization strength, and use “liblinear” solver
in both datasets.
• AdaBoost, short for Adaptive Boosting, is a weighted combina-
tion of “weak learners” (i.e., decision trees in this case). AdaBoost
is adaptive, as the tasks that are not correctly predicted by previ-
ous weak learners will be assignedmore weight in the subsequent
weak learners [20]. We set 𝑛_𝑒𝑠𝑡𝑖𝑚𝑎𝑡𝑜𝑟𝑠 to 50 in the MIMIC-III
dataset and 500 in the NUH-CKD dataset.
• GBDT is short for Gradient Boosting Decision Tree. GBDT builds
an ensemble model composed of “weak learners” (i.e., decision
trees in this case) in a forward stage-wise fashion in order to
optimize the loss function [21]. We set 𝑛_𝑒𝑠𝑡𝑖𝑚𝑎𝑡𝑜𝑟𝑠 = 100 and
𝑚𝑎𝑥_𝑑𝑒𝑝𝑡ℎ = 3 in both datasets.
For these three baseline classifiers, we concatenate the time-

series features in different time windows as input. Besides, we also
add the standard L𝐶𝐸 as a baseline.
• L𝐶𝐸 employs the standard cross-entropy loss function for classifi-
cation (without SPL-based training). Specifically,L𝐶𝐸 is based on
the GRU model to incorporate time-series features as discussed
in Section 5.3.
The experimental results of the baseline classifiers against our

proposed PACE are demonstrated in Figure 6. For the MIMIC-III
dataset, when the coverage is smaller than 0.1, there are too few
tasks incorporated in the model, which causes a severe fluctuation
in AUC values. Thus, we focus our analysis specific to the coverage
range [0.1, 1.0] in the MIMIC-III dataset, and the whole coverage
range in the NUH-CKD dataset.

There are some common findings in both datasets. First, our
proposed PACE can achieve higher AUC values than the standard
L𝐶𝐸 . In the MIMIC-III dataset, PACE can effectively raise the front
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Dataset MIMIC-III NUH-CKD

Coverage 0.1 0.2 0.3 0.4 1 0.1 0.2 0.3 0.4 1

LCE 0.920 0.930 0.929 0.914 0.806 0.811 0.778 0.758 0.753 0.729

LR 0.921 0.926 0.904 0.880 0.774 0.759 0.606 0.608 0.606 0.648

GBDT 0.967 0.942 0.895 0.864 0.769 0.786 0.688 0.697 0.679 0.723

AdaBoost 0.932 0.877 0.850 0.821 0.725 0.832 0.772 0.745 0.718 0.650

PACE 0.947 0.944 0.935 0.917 0.805 0.875 0.851 0.829 0.809 0.752

LCE LR GBDT AdaBoost PACE

Figure 6: Comparison results between PACE and baseline classifiers L𝐶𝐸 , LR, GBDT and AdaBoost.

part of the AUC-Coverage plot compared with L𝐶𝐸 , and in the
NUH-CKD dataset, PACE outperforms L𝐶𝐸 in the whole coverage
range. This validates the performance improvement from PACE in
both datasets.

Second, compared with LR and AdaBoost, PACE achieves better
performance in terms of the AUC-Coverage plot in the studied
coverage range of both datasets. Compared with GBDT, PACE is
slightly worse when the coverage is within [0.1, 0.15] in the MIMIC-
III dataset and when the coverage is within [0, 0.05] in the NUH-
CKD dataset. After this coverage range in the very beginning, PACE
exhibits an obvious advantage over GBDT. We think a possible reason
is that boosting-based methods such as GBDT can more quickly
recover from the initial fluctuation problem, which is caused by
the small number of tasks incorporated in the model, due to the
robustness advantage of ensemble models3.

Third, when the coverage approaches 1.0, we find that PACE
and L𝐶𝐸 achieve a higher AUC value than LR, AdaBoost and GBDT.
This is because both PACE and L𝐶𝐸 are based on RNN, which can
effectively exploit the time-series information in the data and hence,
these two models can provide more accurate predictions.

6.2.2 Comparison with Temperature-based Methods. In neural net-
works, the 𝑠𝑜 𝑓 𝑡𝑚𝑎𝑥 function is typically used to produce the prob-
ability 𝑝𝑤𝑇

𝑖
of class 𝑖 through comparing with other classes 𝑗 , as

shown below [28]:

𝑝
𝑤𝑇

𝑖
=

𝑒𝑥𝑝 (𝑢𝑖/𝑇 )∑
𝑗 𝑒𝑥𝑝 (𝑢 𝑗/𝑇 )

where the hyperparameter temperature 𝑇 is normally set to 1 as in
the standard L𝐶𝐸 . Specifically, temperature 𝑇 controls the sensitiv-
ity to classes with a low probability and a larger 𝑇 corresponds to
a softer probability distribution over classes. In the case of binary
classification, 𝑝𝑤𝑇

𝑖
is updated as follows:

𝑝
𝑤𝑇

𝑖
=

1
1 + 𝑒𝑥𝑝 (−𝑢𝑖/𝑇 )

= 𝜎 (𝑢𝑖/𝑇 )

For notational simplicity, we show the predicted probability of
the ground truth class 𝑝𝑤𝑇

𝑔𝑡 and the corresponding loss function

3AdaBoost is also a boosting-based method and hence, should also recover from the
initial fluctuation problem. However, AdaBoost does not perform well. The reason
may be twofold: (1) AdaBoost is sensitive to outliers and noisy tasks; (2) The way that
GBDT creates weak learners based on “pseudo-residuals” is more effective than that of
AdaBoost in our two datasets.
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Figure 7: Derivative function𝑑L/𝑑𝑢𝑔𝑡 for different𝑇 settings.
Compared with L𝐶𝐸 (i.e., 𝑇 = 1), different 𝑇 settings deform
the derivative function curve in both directions and hence,
adapt the weights of tasks.

L𝑤𝑇
(𝑝𝑔𝑡 ) below for analysis:

𝑝
𝑤𝑇

𝑔𝑡 = 𝜎 (𝑢𝑔𝑡/𝑇 )

L𝑤𝑇
(𝑝𝑔𝑡 ) = − log𝑝𝑤𝑇

𝑔𝑡

To investigate the effect of 𝑇 , we derive 𝑑L𝑤𝑇
/𝑑𝑢𝑔𝑡 :

𝑑L𝑤𝑇

𝑑𝑢𝑔𝑡
=
𝜎 (𝑢𝑔𝑡 /𝑇 ) − 1

𝑇
(11)

We specify 𝑇 ∈ {1/8, 1/4, 1/2, 1, 2, 4, 8} and plot the correspond-
ing 𝑑L𝑤𝑇

/𝑑𝑢𝑔𝑡 with different 𝑇 settings in Figure 7. As illustrated,
compared with 𝑇 = 1 (L𝐶𝐸 ), different 𝑇 settings will deform the
curve in both the 𝑢𝑔𝑡 direction and the 𝑑L𝑤𝑇

/𝑑𝑢𝑔𝑡 direction.
We compare PACE with such temperature-based methods with

different temperature settings, and the experimental results are
demonstrated in Figure 8. In both datasets, different temperature
settings will pose different effects on models’ performance. In the
MIMIC-III dataset, among various temperature settings, when the
coverage is smaller than 0.2, 𝑇 = 1/8 performs best in terms of the
AUC-Coverage plot, whereas when the coverage is larger than 0.2,
𝑇 = 4 is the best-performing temperature setting. In the NUH-CKD
dataset, we find that 𝑇 = 1, 𝑇 = 1/2, 𝑇 = 4 become the best-
performing temperature setting in the coverage range of [0, 0.1],
[0.1, 0.4] and [0.4, 1] respectively. This phenomenon confirms the
effect of temperature on models’ performance, which indicates that
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Dataset MIMIC-III NUH-CKD

Coverage 0.1 0.2 0.3 0.4 1 0.1 0.2 0.3 0.4 1

T = 1/8 0.945 0.931 0.920 0.905 0.798 0.761 0.706 0.702 0.698 0.677

T = 1/4 0.930 0.929 0.921 0.908 0.802 0.792 0.752 0.739 0.737 0.695

T = 1/2 0.915 0.927 0.924 0.910 0.804 0.812 0.784 0.766 0.767 0.719

T = 1 0.920 0.930 0.929 0.914 0.806 0.811 0.778 0.758 0.753 0.729

T = 2 0.908 0.933 0.932 0.916 0.806 0.755 0.750 0.760 0.766 0.738

T = 4 0.898 0.933 0.934 0.917 0.806 0.753 0.764 0.760 0.766 0.751

T = 8 0.911 0.927 0.932 0.916 0.806 0.765 0.735 0.731 0.734 0.740

PACE 0.947 0.944 0.935 0.917 0.805 0.875 0.851 0.829 0.809 0.752

T = 1/8 T = 1/4 T = 1/2 T = 1 (LCE) T = 2 T = 4 T = 8 PACE

Figure 8: Comparison results between PACE and temperature-based methods.
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Dataset MIMIC-III NUH-CKD

Coverage 0.1 0.2 0.3 0.4 1 0.1 0.2 0.3 0.4 1

T = 1/8 0.952 0.936 0.924 0.909 0.800 0.837 0.799 0.786 0.769 0.719

T = 1/4 0.935 0.935 0.924 0.910 0.802 0.844 0.811 0.793 0.779 0.731

T = 1/2 0.921 0.928 0.925 0.911 0.803 0.859 0.833 0.812 0.797 0.744

T = 1 0.939 0.936 0.930 0.914 0.805 0.847 0.823 0.797 0.784 0.733

T = 2 0.889 0.933 0.933 0.916 0.806 0.825 0.791 0.779 0.773 0.735

T = 4 0.889 0.939 0.934 0.916 0.805 0.814 0.792 0.776 0.776 0.750

T = 8 0.916 0.933 0.933 0.916 0.806 0.839 0.807 0.789 0.785 0.754

PACE 0.947 0.944 0.935 0.917 0.805 0.875 0.851 0.829 0.809 0.752

T = 1/8 T = 1/4 T = 1/2 T = 1 (SPL) T = 2 T = 4 T = 8 PACE

Figure 9: Comparison results between PACE and temperature-based methods with SPL-based training.

for each specific application and dataset, this hyperparameter 𝑇
should be tuned. However, in both datasets, PACE outperforms all
different temperature settings. This validates the effectiveness of
PACE in improving the performance on easy tasks.

6.2.3 Comparison with Temperature-based Methods with SPL-based
Training. We further compare PACE with temperature-based meth-
ods with SPL-based training. Specifically, we use L𝑤𝑇

discussed in
Section 6.2.2 as the loss function where𝑇 ∈ {1/8, 1/4, 1/2, 1, 2, 4, 8},
with SPL-based training.

The experimental results are illustrated in Figure 9, where 𝑇 = 1
corresponds to the standard SPL method. Based on the results, our
findings are threefold. First, different temperature settings exhibit
varied performance in terms of the AUC-Coverage plot. Specifically,
in the MIMIC-III dataset, when the coverage is smaller than 0.2,
𝑇 = 1/8 tends to outperform other settings, whereas when the cov-
erage falls in [0.2, 1], 𝑇 = 4 tends to be the best-performing setting.
In the NUH-CKD dataset, when the coverage is smaller than 0.05,
𝑇 = 1 tends to achieve the best performance out of all the tempera-
ture settings; however, when the coverage exceeds 0.05, 𝑇 = 1/2
becomes the best-performing setting. In addition, when the cover-
age is near 1, 𝑇 = 4 and 𝑇 = 8 yield better performance than other
settings. Such an advantage over 𝑇 = 1 (i.e., only SPL-based train-
ing on the macro level) demonstrates that the temperature-based
weighting methods are effective in improving the performance.

Second, compared with the results of the temperature-based
methods in Figure 8, the corresponding methods with SPL-based
training exhibit boosted performance on the whole as shown in
Figure 9. This confirms the effectiveness of our proposed macro-
level SPL-based training.

Third, as illustrated in Figure 9, PACE as the combination of
SPL and our proposed weighted loss revision, generally achieves
higher AUC values than all the temperature-based methods with
SPL-based training. This further validates the advantage of our
proposed weighted loss revision over temperature-based weighting
methods in improving the performance on easy tasks.

6.3 Ablation Study
6.3.1 PACE’s Macro-level SPL-based Training. We evaluate the
effectiveness of PACE’s macro-level SPL-based training with the
results shown in Figure 10. For the SPL warm-up mentioned in
Section 5.1, we set 𝐾 as 1 in the MIMIC-III dataset and 2 in the
NUH-CKD dataset.

We observe that SPL-based training outperforms the standard
L𝐶𝐸 in both datasets. One reason could be that the hard tasks in
healthcare applications may carry some intrinsic noise, such that
SPL-based training which utilizes easy tasks for building the model
first, can reduce the influence of noisy tasks and thus, can benefit the
model’s performance on easy tasks. As a result, SPL-based training
is effective in improving the prediction performance on easy tasks.
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Dataset MIMIC-III NUH-CKD

Coverage 0.1 0.2 0.3 0.4 1 0.1 0.2 0.3 0.4 1

LCE 0.920 0.930 0.929 0.914 0.806 0.811 0.778 0.758 0.753 0.729

SPL 0.939 0.936 0.930 0.914 0.805 0.847 0.823 0.797 0.784 0.733

Lhard 0.917 0.933 0.928 0.913 0.805 0.790 0.795 0.777 0.770 0.723

Lw1 0.939 0.945 0.935 0.915 0.805 0.877 0.840 0.812 0.807 0.762

L ¬w1
0.917 0.928 0.924 0.911 0.803 0.821 0.801 0.780 0.768 0.717

Lw2 0.942 0.941 0.933 0.915 0.805 0.824 0.797 0.783 0.778 0.730

L ¬w2
0.921 0.932 0.929 0.914 0.806 0.821 0.788 0.772 0.769 0.734

PACE 0.947 0.944 0.935 0.917 0.805 0.875 0.851 0.829 0.809 0.752

LCE SPL Lhard Lw1
L ¬w1

Lw2
L ¬w2

PACE

Figure 10: Experimental results of L𝐶𝐸 , SPL, Lℎ𝑎𝑟𝑑 , different weighted loss revisions and PACE.

In the MIMIC-III dataset, when the coverage is within [0.1, 0.3],
we find that SPL-based training obtains a higher AUC value than
L𝐶𝐸 , but after 0.3, the two methods tend to behave similarly. How-
ever, in the NUH-CKD dataset, SPL-based training shows an advan-
tage in terms of AUC values over L𝐶𝐸 in the whole coverage range,
especially when the coverage is around 0.2. After 0.2, the advantage
becomes smaller with the coverage increasing. Finally, when the
coverage is 1.0, SPL-based training slightly outperforms L𝐶𝐸 . The
reason for such differences in two datasets may be that there are
more hard tasks with more noise in the NUH-CKD dataset than in
the MIMIC-III dataset. As a result, the performance improvement
on easy tasks brought by PACE’s macro-level SPL-based training
is more significant in the NUH-CKD dataset, in terms of both the
coverage range with a higher AUC value and the improvement in
the overall AUC value when the coverage is 1.0.

6.3.2 PACE’s Micro-level Weighted Loss Revision. We next compare
different weighted loss revisions L𝑤1 , L ¬𝑤1

, L𝑤2 and L ¬𝑤2
on the

micro level, and the results are shown in Figure 10.
We observe some common findings in both datasets. First, the

performance on easy tasks of L𝑤1 is better than that of L ¬𝑤1
. This

means that our proposed Strategy 1 (L𝑤1 ) that assigns more weight
to correctly predicted tasks is effective, whereas the opposite L ¬𝑤1
is not. The main reason is that hard tasks tend to be tasks that are
noisy and hence, difficult to be predicted correctly. In contrast, easy
tasks tend to carry more useful information for correct predictions.
Therefore, when we re-weight the task distribution by assigning
more weight to easy tasks as in L𝑤1 , we manage to reduce the
effect caused by the noise from hard tasks and make better use of
easy tasks. As a consequence, we can improve the performance on
easy tasks.

Second, in Figure 10(a), we observe that L𝑤2 outperforms L ¬𝑤2
in the MIMIC-III dataset. In Figure 10(b), L𝑤2 achieves better per-
formance than L ¬𝑤2

when the coverage is in [0, 0.6] and L𝑤2 ’s
advantage slightly drops when the coverage is in [0.6, 1.0] in the
NUH-CKD dataset. Such results demonstrate that our proposed
Strategy 2 (L𝑤2 ), which assigns more weight to confidently pre-
dicted tasks is more effective than the opposite L ¬𝑤2

. This may be
because the confidently predicted tasks are less noisy and thus,
easier to predict. However, the tasks with 𝑝𝑔𝑡 near 0.5, i.e., the
tasks which are predicted unconfidently, carry more noise to the

prediction model. Therefore, when we adapt the weights of tasks
by assigning more weight to confidently predicted tasks as in L𝑤2 ,
we can avoid the harmful influence from the noisy tasks, and build
a more accurate prediction model.

Third, in both datasets, we observe that although both strategies
are effective, L𝑤1 is able to outperform L𝑤2 . These two strategies
in nature correspond to two definitions of “easiness”, either from
whether the prediction is provided correctly or confidently (no
matter correctly or not). Therefore, in L𝑤2 , for the tasks which are
predicted incorrectly yet confidently, we still assign more weight
to them. In this case, such tasks may exert a bad influence on the
model’s performance and hence, degrade the effectiveness of L𝑤2 .

Moreover, in the MIMIC-III dataset, PACE achieves the best per-
formance in the whole studied coverage range [0.1, 1.0], and outper-
forms the second best performing method L𝑤1 when the coverage
is in [0.1, 0.2]. In the NUH-CKD dataset, the second best performing
method is also L𝑤1 , and PACE exhibits an obvious advantage over it
when the coverage is about [0.15, 0.4], with a slight drop in the per-
formance later. Such findings confirm that PACE has the capability
of differentiating easy tasks from hard ones and hence, is effec-
tive in optimizing task decomposition and providing satisfactory
prediction performance on easy tasks.

6.3.3 Comparison with Lℎ𝑎𝑟𝑑 . We further compare PACE with the
baseline Lℎ𝑎𝑟𝑑 , in which we set a hard cutoff threshold 𝑡ℎ𝑟𝑒𝑠 such
that we first filter out the tasks with 𝑝𝑔𝑡 ∈ (𝑡ℎ𝑟𝑒𝑠, 1 − 𝑡ℎ𝑟𝑒𝑠), and
only incorporate the rest, i.e., the tasks with 𝑝𝑔𝑡 close to 0 or 1.
Then we apply SPL-based training on these incorporated tasks,
with the weights derived from the 𝑠𝑖𝑔𝑚𝑜𝑖𝑑 activation function. The
corresponding experimental results are illustrated in Figure 10.

Specifically, we vary the hyperparameter 𝑡ℎ𝑟𝑒𝑠 within {0.1, 0.2,
0.3, 0.4} (𝑡ℎ𝑟𝑒𝑠 = 0.5 corresponds to SPL without any tasks fil-
tered out), and find that 𝑡ℎ𝑟𝑒𝑠 = 0.4 and 𝑡ℎ𝑟𝑒𝑠 = 0.3 yield the best
performance in the MIMIC-III dataset and the NUH-CKD dataset
respectively. Hence, such 𝑡ℎ𝑟𝑒𝑠 settings are adopted in Lℎ𝑎𝑟𝑑 in
the results shown in Figure 10. From the figure, we observe that
our proposed PACE outperforms Lℎ𝑎𝑟𝑑 by a large margin, which
confirms the effectiveness of our proposed weighted loss revision.

6.3.4 Effects of Hyperparameter 𝜆 in PACE. In this experiment, we
investigate the effect of 𝜆 on the performance of PACE by affecting
the threshold 1/𝑁 for selecting tasks.
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Dataset MIMIC-III NUH-CKD

Coverage 0.1 0.2 0.3 0.4 1 0.1 0.2 0.3 0.4 1

λ = 1.1 0.942 0.944 0.935 0.917 0.805 0.850 0.794 0.764 0.760 0.729

λ = 1.2 0.942 0.943 0.935 0.917 0.806 0.854 0.818 0.799 0.792 0.747

λ = 1.3 0.947 0.944 0.935 0.917 0.805 0.875 0.851 0.829 0.809 0.752

λ = 1.4 0.932 0.940 0.933 0.916 0.805 0.866 0.823 0.805 0.790 0.753

λ = 1.5 0.929 0.938 0.934 0.917 0.805 0.835 0.797 0.787 0.777 0.741

λ = 1.1 λ = 1.2 λ = 1.3 (PACE) λ = 1.4 λ = 1.5

Figure 11: Experimental results of PACE with different 𝜆 settings.

As described in Algorithm 1, 𝑁 is used to calculate the threshold
1/𝑁 for selecting tasks in each iteration. Specifically, 𝑁 is initialized
as 𝑁0 and then divided by 𝜆 in each iteration. Therefore, 𝜆 is a
hyperparameter that directly influences the threshold 1/𝑁 and
hence, the speed of SPL-based training in PACE.

We set 𝑁0 as 16, so that 1/𝑁0 is sufficiently small and hence,
no tasks are selected in the beginning. We then vary 𝜆 within
{1.1, 1.2, 1.3, 1.4, 1.5} to study the effect of 𝜆 on the performance of
PACE and the experimental results are illustrated in Figure 11. From
the results, we find that 𝜆 = 1.3 is the hyperparameter setting that
yields the best performance in terms of the AUC-Coverage plot in
both datasets.

Specifically, in the MIMIC-III dataset, 𝜆 = 1.3 produces better
performance than 𝜆 = 1.4, and even more significant than 𝜆 = 1.5.
Moreover, 𝜆 = 1.1 and 𝜆 = 1.2 exhibit similar performance, but
both are inferior to 𝜆 = 1.3. In the NUH-CKD dataset, 𝜆 = 1.4
achieves better performance than 𝜆 = 1.5, and 𝜆 = 1.2 yields better
performance than 𝜆 = 1.1. The reason for such phenomena can
be explained as follows. When 𝜆 decreases from 1.5 to 1.3, the
threshold 1/𝑁 increases more slowly and hence, more iterations
are generally needed before convergence. Therefore, the easy tasks
tend to participate in the training with more iterations and due to
the macro-level SPL-based training, the performance of PACE on
easy tasks tends to improve accordingly. However, when 𝜆 further
drops from 1.3 to 1.1, the easy tasks may already be incorporated
for many iterations, which tends to cause the overfitting problem
on easy tasks. As a result, the performance of PACE degrades.

6.3.5 Effects of Hyperparameter 𝛾 in L𝑤1 . Based on the experimen-
tal analysis in Section 6.3.2, our proposed Strategy 1 (L𝑤1 ) achieves
the best performance out of four different weighted loss revisions
and hence, is a better-performing micro-level re-weighting strategy
in both datasets. In this experiment, we explore the effect of the
hyperparameter 𝛾 on L𝑤1 ’s performance on easy tasks.

Specifically, we vary 𝛾 within the range {1, 1/2, 1/4, 1/8, 1/16}
where𝛾 = 1 corresponds to the standardL𝐶𝐸 , and𝛾 = 1/2 is the set-
ting we choose forL𝑤1 when exploring the benefits of the weighted
loss revision in Section 6.3.2. We plot the function 𝑑L/𝑑𝑢𝑔𝑡 with
different 𝛾 settings in Figure 12. We note that the smaller 𝛾 is, the
more weight (in terms of the absolute derivative value) L𝑤1 assigns
to correctly predicted tasks.
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γ = 1 (LCE)

γ = 1/2 (Lw1)

γ = 1/4

γ = 1/8

γ = 1/16

Figure 12: Derivative function 𝑑L/𝑑𝑢𝑔𝑡 for different 𝛾 set-
tings. The smaller 𝛾 is, the more weight L𝑤1 assigns to cor-
rectly predicted tasks in terms of |𝑑L/𝑑𝑢𝑔𝑡 |.

The experimental results are shown in Figure 13. First, we can
observe that L𝑤1 is effective, i.e., 𝛾 = 1/2 (L𝑤1 ) outperforms 𝛾 = 1
(L𝐶𝐸 ), which agrees with the findings in Section 6.3.2. Moreover, a
common finding in both datasets is that when 𝛾 gradually decreases
from 1/2 to 1/4, further to 1/8 and finally to 1/16, L𝑤1 ’s perfor-
mance on easy tasks in terms of the AUC-Coverage plot drops.
Such a phenomenon indicates that when 𝛾 is set too small, we give
too much weight to the correctly predicted tasks such that our
model may suffer from the overfitting problem on easy tasks of the
training data. Therefore, the model’s generalization performance
on easy tasks of the testing data degrades. In addition, when 𝛾 is
set too small, we also decrease the weights of incorrectly predicted
tasks to a large extent and might lose some important information
for prediction. In a nutshell, we need to adjust the value of 𝛾 appro-
priately to provide satisfactory generalization performance on easy
tasks and in our two healthcare datasets, 𝛾 should be set to 1/2.

6.4 Effects of Post-hoc Calibration Methods
We have thus far demonstrated how PACE facilitates the learning of
effective task decomposition and hence, contributes to accurate and
reliable analytics in healthcare applications. However, as a modern
neural network, PACEmay not be well calibrated, i.e., the calculated
probability estimates may not well represent the true correctness
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Dataset MIMIC-III NUH-CKD

Coverage 0.1 0.2 0.3 0.4 1 0.1 0.2 0.3 0.4 1

γ = 1 0.920 0.930 0.929 0.914 0.806 0.811 0.778 0.758 0.753 0.729

γ = 1/2 0.939 0.945 0.935 0.915 0.805 0.877 0.840 0.812 0.807 0.762

γ = 1/4 0.891 0.937 0.934 0.917 0.806 0.790 0.765 0.766 0.764 0.748

γ = 1/8 0.920 0.934 0.934 0.917 0.806 0.750 0.765 0.756 0.763 0.748

γ = 1/16 0.917 0.928 0.926 0.911 0.802 0.762 0.740 0.731 0.736 0.745

γ = 1 (LCE) γ = 1/2 (Lw1
) γ = 1/4 γ = 1/8 γ = 1/16

Figure 13: Experimental results of L𝑤1 with different 𝛾 settings.
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Figure 14: Reliability diagrams of PACE before and after cal-
ibration via three methods: histogram binning, isotonic re-
gression, and Platt scaling.

likelihood [24]. To alleviate this issue, some post-processing con-
fidence calibration methods are proposed and widely applied to
supplement the models’ prediction results with a calibrated confi-
dence measure [24, 31, 49]. In this section, we discuss how these
post-hoc calibration methods [33] can supplement useful auxiliary
information to PACE in healthcare applications.

We illustrate the reliability diagrams [16, 40] (i.e., diagrams show-
ing accuracy as a function of confidence) of PACE before and after
calibration in Figure 14. We note that if a model is perfectly cali-
brated, meaning that confidence is exactly the expected accuracy,
then the reliability diagram should plot the identity function (shown
as the diagonal in Figure 14). Hence, any deviation from the diago-
nal denotes the presence of miscalibration. Besides the reliability
diagrams, another metric Expected Calibration Error (ECE) [39] is
also a widely adopted empirical metric for measuring the perfor-
mance of the model calibration. The smaller ECE is, the better the
calibration method performs. We show the ECE metrics on the top
of each diagram in Figure 14 corresponding to each dataset.

We next evaluate the performance of several representative post-
hoc calibration methods including histogram binning [54], isotonic
regression [55] and Platt scaling [45]. As shown in Figure 14, the
calibration methods generally manage to improve the performance
of PACE in terms of ECE. Specifically, isotonic regression and Platt

scaling are the best-performing one in the MIMIC-III dataset and
the NUH-CKD dataset respectively.

These findings confirm the effectiveness of the post-processing
methods in calibrating the predictions of PACE. Such calibrated
confidence estimates are highly helpful to clinical decision making,
in that PACE can hence better differentiate easy tasks and hard tasks,
which can be handled separately by either machines or humans.
As a consequence, both machines and humans participate in the
analytics and PACE can help render unto human/machine on what
is due in a more reliable manner. This has a far-reaching meaning
for more reliable analytics in healthcare applications and even in
some other critical applications.

7 CONCLUSIONS
In this paper, we identify the vital necessity and importance of
task decomposition, which is a critical stage of human-in-the-loop
healthcare delivery. We then propose a two-level framework PACE
to learn effective task decomposition for healthcare applications.
Specifically, PACE employs SPL-based training on the macro level
and a weighted loss revision on the micro level to assign more
weight to easy tasks.

We conduct extensive experiments in two real-world healthcare
datasets. The results show that both PACE’s macro-level SPL-based
training and PACE’s micro-level weighted loss revision strategies
(especially L𝑤1 ) can improve the prediction performance on easy
tasks compared with the baselines. Furthermore, by combining
these two levels, PACE achieves a larger improvement as shown
in the AUC-Coverage plot, and achieves a better performance on
easy tasks than all the baselines, including the standard L𝐶𝐸 , base-
line classifiers, temperature-based methods and temperature-based
methods with SPL-based training.
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