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A Study on Forecasting Order Quantity from Manufacturing
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Abstract

In recent years, Artificial Intelligence(Al) and Machine Learning(ML) technologies have been rapidly advancing in
the manufacturing supply chain. However, For this reason, there are now efforts to solve these problems with
explainable Artificial Intelligence(XAI). This paper applies XAI techniques to improve the explainability of analytics
and predictive models for manufacturing supply chain data. In detail, LIME and SHAP techniques were applied, and
the experimental results confirmed that XAI is effective in improving Al model understanding, decision-making
effectiveness, and algorithm reliability for manufacturing supply chain data. The experimental results of the paper
suggest that active use of XAl is necessary in the manufacturing field, and suggest that it may open up new
possibilities for future manufacturing supply chain management.
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2.2 CRM(Customer Relationship Management)
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Like the computer game X
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prediction score in each leaf
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Fig. 3. How XGBoost implement way[18]
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Table 2. Descriptive statistics of key variables

Data Count | Average Standard| Min. Median Max.

— type deviation| value value

Expected
order volume| int |34617|101.468 | 168.004| 00 | 20 | 300
for T day

Expected
order volume| int [34617| 67.014 | 131.213] 00 | 00 | 50
for T+1 day

Expected
order volume| int |34617| 48758 | 1152 | 00 | 00 0.0
for T+2 days

Expected
order volume| int [34617| 51.889 | 115.112] 00 | 00 | 0.0
for T+3 days

Expected
order volume| int |34617| 60.8%6 | 123275 0.0 | 0.0 1.0
for T+4 days
Expected
recgsgéson int |34617| 6371 | 12747 | 00 | 00 | 10
T last year

Expected
orders
received on
T-1 last year

Expected
orders
received on
T-2 last year

Expected
orders
received on
T-3 last year
Expected
orders
received on
T-4 last year
Estimated
order volume| int |34617| 71.218 | 134574 00 | 00 | 50
for T day
Estimated
order volume| int [34617| 73145 | 135423 00 | 00 | 80
for T+1 day
Estimated
order volume| int |34617| 71893 | 13546 | 00 | 00 50
for T+2 days
Estimated
order volume| int [34617| 77255 | 138454 00 | 00 | 100
for T+3 days
Estimated
order volume| int [34617| 76.309 | 138.171| 00 | 00 | 6.0
for T+4 days
Temperature | float | 34617| 1806 | 5222 |8.191| 1341 | 19544

Humidity | float | 34617 | 35618 | 80.93 | 11.53 |21.799] 28.932

int | 34617 70.923 | 133088 | 00 | 00 | 80

int | 34617 | 89.927 | 146436 | 00 | 00 | 280

int | 34617| 76.281 | 138962 00 | 00 | 11.0

int |34617| 55.156 | 120927 | 00 | 00 | 00
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Table 3. Dataset after preprocessing

Column Explanation Data type Nurl}wnbeesr of
Expected
order volume dsgﬁggleem int 9,282
for T day
orcbr volyme | Independen it 9282
for T-1 day variable ’
et volme | 9Bt || g
for T-2 days
orcy wolome | ndependent it 9282
for T-3 days varigble ’
e voime | 9Bt | g
for T-4 days
Expected
orders independent .
received on T variable int 9282
last year
Expected
orders independent .
received on variable int 9282
T-1 last year
Expected
orders independent .
received on variable int 9282
T-2 last year
Expected
orders independent .
received on variable int 9282
T-3 last year
Expected
orders independent .
received on variable int 9282
T-4 last year
Estimated .
order voiume | Independent int 9,282
for T day variable ’
orgg}I T/g}tej(rjne independent int 9,282
for T-1 day variable ’
o volome | Independent int 9,282
for T-2 days variable ’
order volame | TERTEEN || g
for T-3 days
orgg}I T/g}tej(rjne independent int 9,282
for T-4 days variable ’
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