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Operations and Supply Chain Management (OSCM): has become increasingly relevant for creating
value for an organization (Helo & Hao, 2022).

The dynamic nature of today's OSCM increasingly demands smart, effective, and fast response

tools

= Industry 4.0 (14.0) - digital technologies have revolutionized OSCM

Artificial Intelligence (Al) - its ability to learn from data and support decision making (Liu et al.,
2019)



Introduction

@ﬂ Sustainable OSCM

Al in OSCM ,

Sharma et al. (2022)
| D@Ql] Demand forecasting

Inventory planning
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Al in OSCM
Sharma et al. (2022)

Maintenance, repair, and operation
(MRO) items




Introduction

Digital technologies that enable supply chains to be
resilient, especially in times of crisis is becoming
increasingly evident (Brink et al., 2022).

There is still a dearth of empirical research exploring Al to
add value to OSCM (Sharma et al., 2022)

Vidal et al. (2022) propose a framework for data-driven
MRO inventory management: FAHP-VIKOR + GA-ANN

Future research:

e Analyzing the impact of COVID-19 on demand behavior
Supply chain disruptions * Implementing a methodology for clustering items of
similar behavior

COVID-19 Pandemic



Research question and objective

@ What is the impact of COVID-19 on the similarity of demand behavior for MRO items and how
can combined Al methods contribute to minimizing this impact by forecasting demand in crisis
periods?

To present a data-driven methodology to improve inventory management, combining time
series clustering methods and hybrid Al models for demand forecasting;
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Mixed-method
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Scoping review + Case study

Arksey and O'Malley (2005) Yin (2018)



Case study - Company characterization

"

Bl» Brazilian railroad logistic operator

©®@ 16,000 SKUs distributed among 12 storage facilities

EQ#

@@ Spare parts for maintenance ‘
)———(a

.’. PPE and uniforms

Operation support

Locomotive maintenance
100 SKUs - highest financial consumption

Dataset - the monthly consumption of each SKU

Before COVID-19 in x After COVID-19 in

Brazil Brazil
26 months (Jan/18 26 months (Mar/20

to Feb/20) to Apr/22))



Case study - Framework

1 Time series clustering

2 Demand forecast

@ To analyze the similarity of the monthly @ To forecast demand for the items in
consumption of each SKU, before and each cluster. Randomly one SKU from
after the pandemic each cluster was selected for demand
prediction
%2 K-means clustering method - _ _
‘S . Dynamic Time Warping (DTW) % Art|f|F|aI neural networks with genetic
.+ algorithms (GA-ANN)

distance technique

s Elbow method * 20 months - training and validation

(80%/20%)

a * 6 months — testing
é Python language * GA - optimize ANN hyperparameters

u)) RapidMiner




Time series clustering

Preprocessing
Moving Average - 6 months MinMax Normalization
Smooth the demand behavior curve, eliminating Analyze the behavior of time series over time and not their
outliers absolute numbers, putting the data in the same unit of
measurement
Clusters Number: Elbow Method
Elbow Method - Before COVID-19 Elbow Method - After COVID-19
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Results and discussions
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Discussions: Time series clustering

* Only 31% of the items remained in the same cluster in both databases;

* This result makes evident how much the post-pandemic period influenced the demand for the
company's MRO items;

* There were no major changes in the quantity of items in each cluster before and after COVID-19,
meaning that in general the pandemic did not influence the standardization of demand.



Results: Demand forecast

Performance Measures - Validation and Test Basis

Basis 1 - Before COVID-19 Basis 2 - After COVID-19
Cluster

Validation Test Validation Test

Cluster 0 3.4% 10.2% 3.5% 51%
Cluster 1 17.5% 37.6% 14.4% 30.7%
Cluster 2 2.4% 8.9% 21.3% 26.8%
Cluster 3 2.6% 12.3% 1.5% 13.3%
Cluster 4 8.3% 17.4% 54% 10.4%

Cluster 5 7.5% 7.2% 5.5% 9.0%




Discussions: Demand forecast

* High variability of the results, with the best result being 1.5% and the worst at 37.6%, making it
evident how much this performance can vary according to the behavior of the data being
predicted, varying considerably between each Cluster;

* The average results of the models before and after COVID-19 did not vary greatly, even though
there was such a significant change in the clusters as identified in the previous step;

* The average MAPE for the validation base before COVID-19 was 6.9% and 8.6% after COVID-19;
* For the test base, the average MAPE evolved from 15.6% to 13.7%;

* This makes it evident how much Al methods can contribute to supply chain resilience, due to their
ability to learn quickly from data, allowing conclusions to be drawn from complex problems
efficiently.
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Conclusion

* The results show that the application of Al models in MRO inventory management can bring
important conclusions about demand behavior and forecasting performance;

* Mainly in periods of crisis such as the COVID-19 pandemic, which has a direct impact on supply
chain disruptions, especially in emerging countries that are not structured to face such situations;

* Its main practical application is in providing supply chain managers with a decision support tool
for MRO inventory management, enabling them to achieve the necessary resilience in their
supply chains after COVID-19.

e Suggestion for future work:
* Use other indicators to predict the demand;

* Replicate the prediction models for the other SKUs in each cluster.
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