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IN OUR ARGENTINA Al DIVISION WE SPECIALIZE IN
SUPPLY CHAIN & OPS ANALYTICS
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THE GOOD
STUFF




CLIENT WANTED TO PREDICT THEIR SUPPLY CHAIN
BEHAVIOR AND ENABLE AN INTELLIGENT EXECUTION

Main questions to be answered:

Our client is an exercise equipment
company based in United States.
The main products are stationary
bicycles.

0'9 What is the expected Order To Delivery time for any given
new order within the planning horizon?

What throughput should we expect through any given
location within the 12 -month planning horizon?

What is the expected inventory at any location?
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During the COVID-19 outbreak,

c ust o maes ingeased

dramatically , taking the supply

chain to i1tps | imits.
long delivery times to customers.
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W[haté'nv§nt&ry|Ierls éh(aﬂd I p'antllo fulfill and from where ?

Given latest delay status of orders, should | reroute inventory
arriving within 5 days to the port to different DCs?
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WE PROPOSED ANON-TRADITIONAL APPROACH
THROUGH THE DEVELOPMENT OF A DIGITAL TWIN

FOCUS AREAS WHY A DIGITAL TWIN?

C\Z:B Provide Explainability
Predict Order to Delivery
Embrace Uncertainty & Risk
Develop smart Inventory Allocation
solution
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Scope

Product & 3 10 US

region Products SKUs Regions

Supply chain 4 11 ~150

network Manufacturing DCs Last Mile

Sites Locations



THE INITIATIVE BROUGHT 43% IMPROVEMENT IN
ACCURACY AND 5%YM IN ANNUAL SAVINGS

FOCUS AREAS EXPECTED BENEFITS

_ _ __8weeks  AOTD Forecast Accuracy: +57%
Predict Order to Delivery A Manual Effort Reduced To: 30 minutes weekly
A Lead Time ETA Accuracy: +90% g om a0% 10 76%)

i k .. .
@ Develop smart Inventory Allocation ___+_5_V\ie_e_§__> A Logistics Cost Reduction: -20% or $5M in annual savings
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THE MODEL

The discrete event model replicates the
entire supply chain considering all nodes
from vendors through final mile locations
that deliver to customers.

KEY INPUTS

AlLocation Master
(Manufacturing,
Final Mile)

ALocation IB/OB Max.
Capacity

Ainventory Position &
Order Backlog —

ADays of Supply
Targets

ALead times between
nodes

ADemand Forecast
AProduction Forecast

ORDER

Order creation date
Product

Node

Order delivery date
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- Location

- Type (Vendor, DC, FM)
- Inventory

- Processing times
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- Capacity
- Leadtime

KEY OUTPUTS

AForecast OTD, at
Order Create Date by
Final Mile Site

AOrder Backlog, by
Final Mile Site

Ainventory Position, by
network node

AResource utilization /
Van requirements
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ALLOCATION MODEL

CURRENT STATE OPTIMIZED BY HEURISTIC

DC1 DC 2 DC1 DC 2
'\.)-LP“ / I?\\P}* %E‘KJ Low stock condition . [N»P‘ / I“) R {E‘KJ Low stock condition
NE J“ 4 T4

LT1 LT2 \ LT3 LT1 LT2 LT3

6
Days of Supply Days of Supply Days of Supply Days of Supply Days of Supply Days of Supply
Target: 7 days Target: 7 days Target: 7 days Target: 7 days Target: 9 days Target: 4 days
{E‘Kz Out of stock condition High variability increases Low variability decreases
inventory target inventory target

A Static view of required inventory at each final mile node A Evaluates required inventory at each final mile node

and parent repleni shment DCps separately, reducing the need at FO3
A In-optimal outcome resulting in a stockout for FO2 A Re-assigns parent replenishment DC as needed,

replenishing FO2 from DC1



INFORMATION FLOW

INPUTS MODELS

s
amazon @ Jupyter
REDSHIFT o
A job writes into S3 all the information required A OTD Forecasting input preparation
input preparation
A

A OTD Forecasting outputs
A Allocation recommendations
A Vvan requirements

“
OTD Forecasting model (local)

Dig‘;?d F?recaft & Input: Excel file downloaded from S3
tional inputs Output: CSV file to be uploaded to S3
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