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Abstract

This research aims to investigate the effective factors in predicting
lead time (LT) and create a predictive model of LT to improve
sustainability and resilience for Kanban orders in the lean supply
chain (LSC). The study follows the data mining (DM) method, and
the dataset includes 103023 observations from the Kanban system,
which were extracted in compliance with the requirements of the
dataset quality indicators in the period 1402/6 to 1402/11. First,
indicators affecting the LT of orders were extracted. Process mining
was used to identify influential variables in high-variance processes
to improve performance and accuracy. A stepwise analysis approach
was used to select features for the model fitting stage. Also, tuning
the parameters of non-parametric approaches was used. The
predictive model uses Multiple Linear Regression, Multiple with
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curvature, Lasso, Elastic Net, Boosted Decision Tree, Bootstrap
Random Forest, K-Nearest Neighbor, and Boosted Multi-Layer
Perceptron. The performance of the fitted regression models has
been confirmed using R"2, RASE, and validation of the results and
model. The results showed that the logistical features are effective in
LT, and the Boosted Multi-Layer Perceptron is the best for predicting
orders' LT with an accuracy of 96% and an error of 5.84. Using the
model's predictive capability for new data in the Kanban system, the
results obtained within four months have been used. The
improvements from using DM capabilities in the Kanban system all
express the significant impact of combining lean and machine
learning (ML) tools to empower and resilient Lean Supply Chain
Management (LSCM).

1. Introduction

The main problem in this research is identifying the factors that
effectively predict the LT of orders in the LSC, choosing the best ML
algorithm for predicting the exact LT, and how process mining can
effectively identify the most repeatable variables in the main variants
and investigate how DM can reduce waste in LSC.

Despite classification studies on risk, disruption, and delay
prediction in the literature, to our knowledge, fewer articles were found
regarding the use of DM to predict the accurate LT of orders in the LSC
with logistical features. Also, according to researchers, DM is
considered a tool to overcome the limitations of lean tools and
strengthen their performance. However, the studies corresponding to
the executive case did not observe the results and improvements from
the ML application in predicting the LT of orders.

Therefore, in this research, in terms of innovation, 1) machine
learning has been used to accurately predict the LT of Kanban orders,
considering logistical factors, 2) Process mining has been used in the
identification stage of influential variables, 3) The results and
improvements obtained from predicting the LT of orders regarding risk
reduction and sustainability improvement have been examined and
compared.

Research Question(s)

The main questions in this research are specified as follows:

1. What factors affect LT's prediction in the lean supply chain?
3. How do we predict the LT in the lean supply chain?
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4. How can DM effectively reduce waste in the lean supply chain?

2. Literature Review

Regarding the issue's importance and urgency, transparency and
accurate prediction of the LT have reduced risk and improved
sustainability and resilience in the LSC. These effects are significant in
both theoretical and operational dimensions, such as reducing logistic
costs, safety stock, working capital, stoppage, level of inventories,
storage cost, energy consumption, and risk. After reviewing the
literature, the most relevant articles in the field of ML are listed in
Table2.

3. Methodology

This research is practical from the objective point of view, and from the
data point of view, it is quantitative. This study includes four main
processes: 1) reviewing the literature and data collection, 2) research
method and pre-processing, 3) model construction, and 4) model
evaluation and results (Jayanti, 2022 & Wasesa). First, influential
variables were extracted by reviewing the literature. Then, the dataset
was extracted from the Kanban system in compliance with the
requirements of the data set quality indicators from 6/1402 to 11/1402.
Then, process mining was used to identify the features with the most
repeatability in the main variants, and finally, influential variables were
extracted through brainstorming. An integrated stepwise analysis
approach has been used to select features. The predictive model uses
MLR, curvature, Lasso, Elastic Net, Boosted DT, Bootstrap RF, KNN,
and Boosted Multi-Layer Perceptron. The parameters of non-
parametric approaches are tuned to improve forecasting performance
and accuracy. In this research, evaluation and validation are the main
criteria for evaluating the model's predictive power, and error and
accuracy indices have been used together. Therefore, the performance
of the fitted regression models using R"2 and RASE evaluation indices
and validation of the results and the model are confirmed.

4. Results

After fitting the regression models, for each row of test data, predict the

LT and compare it with the actual values of the LT; then, to identify the

best model, R*2, RASE, and model comparison approaches are used.
The results show that the Boosted Multi-Layer Perceptron, with one

hidden layer, five activation functions, and a learning rate of 0.1, has
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the highest accuracy at 96% and the lowest root average square error at
5.84, compared to other fitted models.

5. Discussion and Conclusion

The obtained results show that the identified independent variables are
related to customer factors (safety stock), manufacturer factors
(inspection status, quality paint), logistic factors (vehicle, distance),
part factors (name, part-expert), and order factors (number of holidays,
Kanban issue date) are effective on the LT. As the selected model in
this research, the regression model of the Boosted Multi-Layer
Perceptron has the highest R*2 and the lowest RASE criteria. Process
mining is practical and helpful in identifying the main variants. By
using the model's predictive capability for new data in the Kanban order
issuing system within four months, the improvements all express the
significant impact of combining lean tools and ML to empower LSCM.
The practical implications of this research can guide managers in
implementing practices with lean tools, improving sustainability,
eliminating waste, and being more competitive in the current
challenging business environment. Academics can benefit from the
present study because it provides ML practices that can be further tested
and validated.

This research generalizes and develops the use of DM as a decision-
making support tool in predicting the LT to overcome the limitations of
lean tools, and it can improve the efficiency and stability of the LSC
and reduce the risk. While this research provides valuable insights, it
also has limitations, including the lack of data on influential variables
identified in the literature. In implementing this research, there are
suggestions for future research that examine factors such as production
capacity, weather, and location conditions and deep learning to fit more
reliable and accurate results and investigate prescriptive analyses to
optimize the LT of orders based on the fitted regression models, the
design of the experiment and using the profiler's capabilities.

Keywords: Machine Learning, Regression, Lean Supply Chain
Management, Kanban, Lead Time.
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1. Event Log
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1. Mixed Selection



Ml 25 JSE 4 s o 0 g ) e
Vi = Bo 4 B1Xqi + BrXki + & ) 4slee

Sla o ris de g ez s Xig, e, X € Reac ily s y; E RaS (g 5 bas
Bo.dil s L oilaisl & ~N(0,0%) 5 s 20151 a5 gazee Bo, By, oo Pic € R Jii s
Bl axbls 3 oy oS5 o3l X ke o B5Y oS0 il By s e 51 0
81 Dl o il e Sl o3l al L O g 85 (sl eyl ¢ o S 53 o
(Rahman et al., 2023) 4T o Comsay Lozt 03 ga5 oios

Looiladl y3 ($3lai b 5 dsama b (0 SN W i ot Je 55 oS 55 50
2303 305 ooal g I8 Lol (51,13 S8 i g 85 ke 510 4 Sl 0355 0>
D gty Db e 3 0diS g ey e g Al Ll (gl 6 i 05 £ Juls
dslan b o)l Ll el sdd Jue (X (sLa pie (612 N a5 31 (gladeonr dio
b O 85 855 31 e &S5 5 0o 85 Bl o St 53 Ol (G5 S
S5 Dy ot ) OT 53 48 ol llaa, 85 0y 5087 (LI 5 Sbst 8 Joe w0l
S pa g shas a4 filed & Sl dde Jda s hg) nl 05 03] e
(Rahman et al., 2023; 5,15 sl o (sl 5SS slin Cpades 5 Jiiawe (Sla uiie
S5 ea b (s s oY) Gamw 85 Jia 55 3N 0 g 85 Tao, 2023)
0T (gl tedae o Sl 503 505 (oo 1 0T a5 03 S

S ST RS U - REF= SN KVRC RGP SIUNP e JLI
5 oldalos QLIS o 355 0 § 5 gy Sl o &K b 58 L3I S
bk 65wl p ol e 33 8 etin w5a b 0T 5348 5550 251 dibe oS5
Sl IS 3 S oS olar o s sl L) S Joe &' (6,850 5
4 e o 8 Ol gioa slan o (Balad Sl 53 gr Juld 1) el Sy iz S
4o Lal o OBl (Salal o s b ite 93 5 o0 dibe Sl 3 0 05 4 oltes

1. Residual



VEF Olusls | BY oyl | ﬁ:}ydulmﬁ)\{,?ﬂ{qﬁuoww| \es

03,5 o3liul | (S Ol oy 651l & 1 gy nl ke o Fekied g el
St e olar Ko b il e KuSs 4 e 5 5L lacs o
Olgea mls olae ke g 351,85 $3555 p3Ra 513 Gy b S SLM 1y ol
Sloslinul 5,50 55 cpl (ol Cu o g aan o 355 o 4 8 L5 3 0dld e ldkie
Jols ol sy i wlzel 5 S5 Ol jlas Olgeas | o el S
.(Kumar and Singh, 2022; Tao, 2023)55 5 s Jitws (sl e (gsas

1 OT (st SoblB 5 03l (glaslmn s 4y b o 505 5K o2, S
e LB o iy e 5,5 15 it s 51
NS P RN [ BV E63 rs nl 2 335 e dlylens glss y3esls L
(Shapi et al., 2021; Singh and Soni, 2019) 5 4& g eslizul (K) el L F00s S°

20T cla¥ &S wawn 4L Ol jle Hlaw g1s Gla b lu ¢ ae aSs
50l 53950 4V Y Jald cnse S8 iled 8513 0Ll jha 55 s ot Gb
e 333 1y (53555 W S 55 Sl unl (635,55 (Slads 5 555 o8 (s &
G ledled il 5 L besls l Ol 4Y sl o L)t Olgy 4Y slads 5 4
4 Laosls bl o aelsl o 0l 5 A8 oo Iyl g Olgy aY s b s 505 S
il Y o w5 055 et dbwsn A b iy s S Y Lol
45 gozea 0355 o LI 5 Lags3 555 b ad o sl s 5 5 0is S ol st g o sl
ol 53 0T b me Kb (S35 0 g 358 0 ool P51l iy T3 )
Ifraz et al., ) ol b g,5Tob 5 P 3 S S sb ys Ul o ot e Je
2023

b DMl o Sl S S5 0 e b e 8L e ol e

1. Bagging

2. Gini Index

3. Euclidean distance function
4, tune

5. forward propagation
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1. Evaluation & Validation

2. Bias & Variance

3. Overfitting & Underfitting
4. Coefficient of Determination
5. Root Average Squared Error
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4 Compare Distributions ‘
Show Distribution AlCc  AICc Weight v BIC
Normal 3 Mi... 940332.19 1 940408.53
O Cauchy 990232.58 0 990251.67
[l Exponential 956342.74 0 956352.28
[l Gamma 941857.54 0 941876.63
R B ] Johnson Su 952087.27 0 95212544
0 50 100 150 200 250 300 []  Lognormal 956718.82 0 9567379
] Normal 980310.83 0 980329.92
OJ Normal 2 Mi... 941957.68 0 9420054
OJ SHASH 945140.7 0 945178.87
] Student's t 976489.95 0 976518.58
] Weibull 941433 0 941452.09
Gl asls 0 IS
IQuantiles (=] Summary Statistics
100.026 maximum 297 Mean 38.144987
99.5% 135 Std Dev 28.184578
97.5% 103 Std Err Mean 0.0878101
90.0% 80 Upper 959% Mean 38.317094
75.0% quartile 53 Lower 95% Mean 37.97288
50.0% median 29 N 103023
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2.5% g
0.5% 2
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Effect Summary
Source Logworth PValue
Jihss jo) sliss  38661.08 0.00000
Wil oo 3)li 1645554 | 0.00000
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Response Distribution= Normal
Number of Grid points=150

Lasso- Min Penalty Fraction=0.0001 Solution Path Chart
Regression Grid Scale=Square Root Lambda Penalty=0.66
Initial Displayed Solution=Best
Fit

Response Distribution= Normal
Elastic Net Alpha=0.99
Number of Grid points=150
Min Penalty Fraction=0.0001
Grid Scale=Square Root
Initial Displayed Solution=Best
Fit

Solution Path Chart
Lambda Penalty=0.67

Elastic Net
Regression

1 Anderson-Darling

2 Durbin-Watson

3 Multicollinearity

4 Variance Inflation Factor (VIF)
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Boosted Tree

Number of Layers= 1000
Splits per Tree=19
Learning Rate=0.255
Min Size Split=10
Random Seed=1234

Cumulative Validation
Chart
(RSquare Validation-
Number of Layers)
Number of Layers=
1000

Bootstrap
Forest

Number of Trees in the
Forest=1000
Number of Terms Sampled per
Split=7
Bootstrap Sample Rate=1
Min Splits per Tree=10
Max Splits per Tree=2000
Min size Split=103
Random Seed=1234

Cumulative Validation
Chart
(RSquare Validation-
Number of Layers)

K-Nearest
Neighborhood

1 <K< Ky =320
=+/N =320
Random Seed=1234

Kmax

Model Selection Chart
(RASE-K)
K=5

Boosted Multi-
Layer
Perceptron

Hidden Layers=1
First (TanH=3, Linear=1,
Guassian=1)
Number of Models=60
Learning Rate=0.1

Try and Error
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Multiple Linear Regression /A0 /%)
Multiple Linear Regression (with Interaction) /20 208
Lasso-Regression /40 /¥
Elastic Net Regression /A0 /e

1. Model Comparison
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4 Predictors

Target Predictors
It il Pred Formula It (w=slg(LS-total) Fit Least Squares
Pred Formula It (.=3lg(LS.Cross-total) Fit Least Squares
It =slg Prediction Formula(Lasso-total)  Fit Generalized Lasso
It =ilg Prediction Formula(Elastic-total) Fit Generalized Elastic Net

It (=3lg Predictor(BTree-total) Boosted Tree
It milg Predicted(BF-total) Bootstrap Forest
Predicted It 5 (=slg(KNN=5-total) K Nearest Neighbors

Predicted It w=sl5(Boosting-MLP-total)) Neural

4 Measures of Fit for It (=3l

Predictor Creator 2.4.6.8 RSquare RASE AAE Freq
Predicted It (w=8lg(Boosting-MLP-total)) Neural || 09559 58448 4.8934 25518
It =5lg Predictor(BTree-total) Boosted Tree 0.9517 6.1163 4.7521 25518
Pred Formula It uusslg(LS.Cross-total) Fit Least Squares 1| 09503 6.2068 5.2858 25518
Pred Formula It w=slg(LS-total) Fit Least Squares ]l 09502 62097 53015 25518
It =35lg Prediction Formula(Lasso-total) Fit Generalized Lasso 0.9487 63018 5.3540 25518
It =ilg Predicted(BF-total) Bootstrap Forest 1 09480 63432 50195 25518
It =8lq Prediction Formula(Elastic-total) Fit Generalized Elastic Net 0.9366 7.0046 58107 25518
Predicted It 5 =slg(KNN=5-total) K Nearest Neighbors ]| 08794 96643 69730 25518
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