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Abstract

Machine learning models are increasingly used in time series
prediction with promising results. The model explanation of
time series prediction falls behind the model development and
makes less sense to users in understanding model decisions.
This paper proposes ES-Mask, a post-hoc and model-agnostic
evolutionary strip mask-based saliency approach for time se-
ries applications. ES-Mask designs the mask consisting of
strips with the same salient value in consecutive time steps to
produce binary and sustained feature importance scores over
time for easy understanding and interpretation of time series.
ES-Mask uses an evolutionary algorithm to search for the op-
timal mask by manipulating strips in rounds, thus is agnostic
to models by involving no internal model states in the search.
The initial experiments on MIMIC-III data set show that ES-
Mask outperforms state-of-the-art methods.

Introduction

The transparency of how machine learning models make de-
cisions is vital in fostering trustworthy Al systems. Saliency
methods were proposed to elucidate the bonding of the fea-
tures in inputs and prediction making to help build trust
among stakeholders. These methods have been implemented
as explainable Al tools and worked well on images, text,
and tabular data. Those tools are good at predicting the im-
portant score of a feature at a single time point (as shown
in Figure 1(a)—(d)) but often ignore the time ordering of
inputs and the time-sensitive nature of time series applica-
tions. Dynamask (Crabbé and Van Der Schaar 2021) was
the first perturbation-based saliency method leveraging the
idea of the mask to generate post-hoc explanations for any
machine learning models on time series applications. The
perturbation-based method uses input to produce a data vari-
ation to examine feature importance rather than variating
features on the same input. The mask perturbs the time series
input to measure the importance of the features to the predic-
tion. For simplicity, the mask values are normalized between
0 and 1, where close to 1 indicates the feature is salient, O
otherwise. This simplicity derives from the fact that explain-
ing long time series with the results like Figure 1(a)—(d) is
unlikely to be effective in practice. However, as shown in
Figure 1(e), the explanation produced by Dynamask is time
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Figure 1: Explanation masks for a patient in MIMIC-III with
six different methods.

series friendly as it can deliver near binary mask values for
cherry-picking salient features over time. It is also sobering
to note that the feature saliency over time is still in a some-
what fragmented appearance. We argue that the explanation
is more user-friendly if the saliency could be as consistent
as possible over time. For example, the explanation as Fig-
ure 1(f) allows users to quickly capture the salient features
over time by color and shape.

In this work, we go one step further to develop an evolu-
tionary strip mask-based saliency method (ES-Mask) to en-
able easy and intuitive explanations to users. ES-Mask is a
post-hoc and model-agnostic approach for time series ap-
plications. The novelty of ES-Mask lies in the masks being
initialized as strips than a grid of discrete points to perturb
the inputs. The masks can be iteratively refined by the trans-
lation, mutation, and crossover operators until producing the
best possible one for greater transparency and trust building.

Methodology

Mask and Strips

ES-Mask randomly initializes a mask set {M; = (miyr) €
{Oa l}TXdX} on the input data X = (mt,r)(t,r)e[l:T]X [1:dx]-
Here, i € [1, I], I is the number of initialized masks, 7" is the
duration of X, and dx is the number of features in X. When
mi,r = 1, it means that z; ,. is salient for the prediction, or
false otherwise. In ES-Mask, mask M; has a strip set S; =
{Si | n € [1,N]}, where N € N is the number of strips
in a mask. For generating a strip S{ € S;, we randomly
initialize its start b € [1, T, the feature index d € [1,dx],
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Figure 2: Overview of ES-Mask.
and the strip size {. For each point mj ,. in the strip, mj , =
1 forallt € [b,b+1]. To evaluate the effect of the mask, we
perturb the raw input with the mask. Formally, the result of
perturbed input is T'ng(X), where 'y : RT*dx — RT>xdx
Assuming the prediction model is Y = f(X), the prediction
of perturbed input will be f(I'n(X)).

We aim to maximize the squared error between the unper-
turbed and the perturbed predictions by ES-Mask to reveal
salient features strongly correlated to the prediction. The ob-
jective function is defined as:

M* = argmax (f(X)— f(FM(X)))Q M
ME{O,l}TXdX
Mask Evolution

Considering the ground truth explanation is not known be-
forehand, ES-Mask adopts the evolutionary algorithm to op-
timize strip set S in rounds to let mask M be the best possi-
ble answer. The overview of ES-Mask is given in Figure 2.
In ES-Mask, we treat a mask as an individual and each strip
as the atomic unit of optimization. We initialize a group of
strips in a mask to perturb the inputs. The perturbed input
and the original input will use the prediction model to eval-
uate the effect of the perturbation by the fitness value mea-

sured by (f(X) — f(l“M(X)))2 to select the masks of next
generation. Besides the fitness value, we also use three op-
erators to let the next generation mask be a better fit. The
translation operator is employed to adjust the position offset
of the strips on the timeline like Figure 2(a). The mutation
operator (Figure 2(b)) encourages genetic diversity to help
evolution and prevents ES-Mask from converging to a lo-
cal optimal by emulating mutation in nature, replacing an
old strip with a new strip in a generation. We also adopt the
crossover operator to allow the next generation mask to in-
herit any strips from its parents like Figure 2(c). The optimal
mask will be found after certain iterations.

Experimental Evaluation

We developed an RNN model to predict the mortality of
the patients who stayed in critical care units recorded in the
MIMIC-III data set. The data selection, preprocessing, and
model training were the same as Dynamask. We also em-
ployed FIT (Tonekaboni et al. 2020), DeepLIFT (Shriku-
mar, Greenside, and Kundaje 2017), FO, and AFO as per-
formance benchmarks in our experiment. We used mask en-
tropy (Crabbé and Van Der Schaar 2021) (lower is better),
continuity (Mercier et al. 2022) (lower is better), and cross
entropy (CE, higher is better) to evaluate the performance of
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Methods  Mask Entropy] Continuity, CE?t

ES-Mask 0.00 45.74 0.088
Dynamask 0.77 98.11 0.072
FIT 26.33 144.34 0.034
DeepLIFT 128.65 113.71 0.033
FO 191.90 124.73 0.035
AFO 189.18 137.54 0.034

Table 1: Results of various methods to explain RNN used to
predict the mortality rate of patients in MIMIC-III data set.

all approaches. Table 1 shows the experimental results. It is
easy to see that ES-Mask outperformed all benchmarks in all
aspects. The mask entropy of ES-Mask achieved 0 means its
polarization reaches the theoretical minimum, demonstrat-
ing that the explanation of ES-Mask is binary only while
the others are multiple values based and exhibit uncertainty
on feature saliency. The lowest continuity indicates that ES-
Mask has minimal change and the saliency is more consis-
tent over time. This result reflects the main design difference
as ES-mask initializes the mask by strips rather than a grid
of points in other approaches, thus making the result closer
to the ground truth. The highest CE value demonstrates that
ES-Mask is most sensitive to the model prediction reacting
to the perturbed input as the design of operators incorporates
the time ordering and the time-sensitive nature of the input.

Conclusion

We proposed ES-Mask to provide a model agnostic and
easy-to-understand explanation for time series applications
toward improving trust. ES-Mask works well on clinical
data, and we plan to demonstrate its applicability on more
time series applications.
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