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Abstract  Inrecent years, process mining technology is no longer limited to offline analysis of event logs
to improve process models, but concerns more on how to provide online support for business process (BP)
optimization. Particularly, predictive process monitoring (PPM) aims at providing predictions of future
status of on-going instances such as remaining execution time, the next activity to be executed, execution
outcome and resource execution. Accurate predictions of these status help managers to take proactive
actions to reduce process execution risks. Among all tasks of PPM, remaining time prediction is the most
important one as it provides timely forecast information to help relevant personnel to adjust the priority of
activities, thus avoiding the execution of some instances exceeding their deadlines. Current researches on
remaining time prediction, however, mostly consider the impact of internal attributes of a single process
instance while ignoring the competitive impact of multiple instances executing together. Moreover, the
input of most predictions is directly extracted from event logs without in-depth analysis. Therefore, in this
paper, resource competition is firstly defined by several inter-instance attributes as the main input of the

Wehi H 1 2020-02-11; 7Rk & A H 1 : 2020-08-19. A PREAS 2| E K HAFL 54 (61472112) | WiTL4 H AR k4 (LQ20F020017 )
WA AT R % B H (2020C01165, 2017C01010) Wil #hVER, 1§+, JHil, P EIFANIES (CCF) &b, EEFFFRAEY
55 AR T L B2 BB 124 . E-mail: sunxiaoxiao@hdu.edu.cn. fEITAS, MlLRFST AL, BB AL 5 R AT B L R W g T 4
RrERAT, Wl-LWFgsA, FEMFRON SRR T R SRS, ek CGREEE) L L, ##R, PEIRHAES (CCF)
S0, FEFFF GO S AR . KA LS. E-mail ;. yudj@hdu.edu.cn.



2284

L
&

it " H

prediction. To ensure that the inter-instance attributes defined in this paper have universality and can be
applied in other BPs, the most common basic attributes are selected for the definition. Then, we thoroughly
analyze and mine historical data of multiple process logs and select several key activity attributes that have
significant impacts on execution time. The above two types of specia attributes are combined with basic
attributes that are directly obtained from event logs as the input of the prediction. Another research focus of
this paper is to construct the prediction model to forecast the remaining execution time of an on-going
instance, which is essentially a regression problem. To improve the ability and stability of the prediction
model to be applied in more complex scenarios, the stacking technique is adopted here to fuse two machine
learning models, i.e., LightGBM and XGBoost, into a two-layer hybrid model. Three experiments are
performed in order to prove the performance of our method on four real-life datasets. The first experiment
indicates that by adding the newly proposed two types of attributes, the Mean Average Error (MAE) of all
datasets are decreased. And the two-layer hybrid models vastly outperform single-layer models on all four
datasets, which prove the effectiveness of hybrid models. Therefore, in the second experiment, we further
explore the performance of the two-layer hybrid model by conducting pair-wise fusion of LightGBM,
XGBoost, Support Vactor Regression (SVR) and Bayesian Regression (BR). The results show that the
combinations of LightGBM and XGBoost have the best prediction accuracy and when LightGBM isin the
first layer and XGBoost is in the second layer (i.e., H-Model 1), the performance is the best. In the third
experiment, we perform comparisons of our H-Model 1l and the state-of-the-art methods, i.e., Long
Short-Term Memory (LSTM) and single XGBoost. The results show that our hybrid model that considers
attributes between instances and key activities outperforms LSTM and XGBoost by 11.6% and 15.8% on
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4394-aebc-75976070e91f).
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FEFE T IR T rh 2 A R I B im0 H-Model
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Production Helpdesk BPIC2012 BPIC2017

XGB-SVR 6220.49 6388.87 6603.16 9234.74

LGB-SVR 6077.82 6663.06 6583.80 9912.79

XGB-BR 6223.71 6184.20 6736.54 9401.94

LGB-BR 6086.77 6104.62 6631.65 9991.82

SVR-LGB 6733.99 5760.91 5906.91 10269.13

MAE SVR-XGB 6741.72 5700.97 5646.24 10230.49

BR-LGB 6656.68 5695.55 5940.81 10324.55

BR-XGB 6666.17 5764.17 5701.20 10238.24

XGB-LGB (H-Model I) 4363.49 4022.91 4213.17 7701.94

LGB-XGB (H-Model I1) 4244.75 3977.83 3850.65 7189.11

XGB-SVR 11213.26 9153.88 12160.64 14175.70
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XGB-BR 11220.53 9053.54 12409.08 14267.76
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LST™M 4557.47 4582.80 5195.90 8689.28
MAE XGBoost 4920.90 4745.76 5337.26 9140.35
LGB-XGB (H-Model 11) 4363.49 4022.91 4213.17 7701.94
LSTM 14806.23 8601.52 8134.03 16030.47
RMSE XGBoost 10239.21 7733.40 8810.10 13184.92
LGB-XGB (H-Model I1) 10109.03 7501.15 7558.74 11473.72
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Background

Process mining is a technique that dedicates to extra-
cting process-related knowledge from redundant event logs
and providing profound insight for stakeholders. One ess-
ential application of process mining is predictive process
monitoring, which is able to provide timely predictive infor-
mation such as the remaining execution time, the next acti-
vity to be executed or the final execution outcome according
to executed information of the current instance and historical
event logs. Among tasks of predictive process monitoring,
remaining time prediction of processes is the most important
one for the on-going instance as it helps the relevant perso-
nnel to adjust the priority of activities, thus avoiding the
execution of some process instances exceeding their dead-
lines. A variety of remaining time prediction methods have
been put forward to assist stakeholders’ decision-making
during the past decade. Especially in recent years, machine
learning techniques have been applied to predict the rema-
ining time of business processes, and they are proven to
outperform existing methods. However, most of the current
researches on remaining time prediction consider feature
attributes that are directly extracted from logs as the input of
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the prediction without analyzing or mining the logs in depth.
Moreover, the competition between multiple process instances
executed together are usually ignored.

To address the above problems, we analyze and mine
the historical data of multiple process logs, and then cha-
racterize several features attributes to represent resource
competition and prioritize several key activities that stron-
gly impact remaining execution time. The two types of
feature attributes are combined with normal feature attribu-
tes derived from logs as the input of the prediction. In
addition, we transform the remaining time prediction prob-
lem into a supervised learning problem in this paper, and the
stacking technique is adopted to fuse two machine learning
models (e.g., XGBoost and LightGBM) into a hybrid model
to improve the ability and stability of the prediction model
in more complex scenarios.
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