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Motivation
• Distribution	centers
• High	inventory	holding	costs

• Medical	devices
• High	value
• Non-interchangeable
• Criticality



Background
• MedCo	recently	collected	large	amounts	of	transactional	data
• Inventory
• Demand
• Supply
• Forecast	accuracy
• Location

• Need	to	reduce	inventory	without	affecting	service
• Currently	use	classical	(s,	S)	inventory	model,	assuming	normality



Goal	Statements
•Determine	inventory	level	for	a	material	number,	that	ensures	a	LIFR	
of	98%

•Gain	insights	from	the	data
• Understand	what	drives	service	performance

𝐿𝐼𝐹𝑅 = 	
𝑁𝑢𝑚𝑏𝑒𝑟	𝑜𝑓	𝑙𝑖𝑛𝑒𝑠	𝑎𝑙𝑙𝑜𝑐𝑎𝑡𝑒𝑑	𝑡𝑜	𝑖𝑛𝑣𝑒𝑛𝑡𝑜𝑟𝑦

𝑇𝑜𝑡𝑎𝑙	𝑛𝑢𝑚𝑏𝑒𝑟	𝑜𝑓	𝑜𝑟𝑑𝑒𝑟	𝑙𝑖𝑛𝑒𝑠



Methodology



Demand/Supply	Characterization
• Use	transactional	data	to	find	real	demand	distribution

• Find	metrics	that	affect	LIFR	performance

Summary	statistics



Clustering
• Demand	Coefficient	of	Variation	(COV)
• Number	of	countries	the	SKU	is	shipped	to	(Countries)
• Average	order	size	quantity	(Order	Qty)
• Days	of	supply	(DOS)
• Order	frequency	(Transactions)

Cluster N Mean Min Max Mean Min Max Mean Min Max Mean Min Max Mean Min Max Mean Min Max
1 987 0.929 0.00 1.00 23,784							 28											 180,480					 8 1 22 91 1 1269 0.45 0.12 2 255 3 1337
2 13 0.943 0.88 0.97 1,128,427	 608,436	 1,625,940	 30 21 41 34 19 113 0.39 0.18 1 4552 1105 9352
3 168 0.822 0.00 1.00 3,588									 3														 121,500					 3 1 12 824 0 7160 2.10 1.09 4 21 1 222
4 11 0.994 0.94 1.00 656												 12											 2,700									 2 1 5 15648 8660 31839 3.06 1.27 3 10 1 59
5 230 0.939 0.63 1.00 188,832					 22,452				 600,876					 21 8 35 45 14 139 0.33 0.12 1 1433 291 4850

LIFR Order	Quantity Countries DOS Demand	COV Transactions



Commodities High	Volume Service	Risk

Sparse	demand High	Volume	Commodities

CLUSTERS



1. Commodities
2. High	Volume
3. Service	risk
4. Sparse	demand
5. High	volume	commodities

CLUSTERS	- MEAN	COMPARISON



Simulation	
Model

Order	Quantity

Order	Frequency

Replenishment	LT

LIFR	Target:	98%

IOH	Level

1 2

Simulation	Model



Cluster	1 Cluster	2 Cluster	3 Cluster	4 Cluster	5
1st	Place Pareto Gamma Gamma Pareto Exponential
2nd	Place Gamma Pareto Pareto Triangular Triangular
3rd	Place Triangular Triangular Gamma

Order	Quantity	distribution:	~	Gamma

0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0

20

40

60

80

100

120

140

160

180

200

12 211 410 610 809 1008 1207 1406 1606 1805 2004 2203 2402 2602 2801More

Fr
eq
ue
nc
y

Bin

Cluster	1:	XCW9567
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Order	frequency	distribution:	~	Normal

Issues	with	material	numbers	with	few	demand	points
- Hard	to	fit	a	distribution
- They	have	high	DOS	levels



1 Distributions

Material	Number Cluster Shape Scale Shift Mean StDev Mean StDev
XCW9567 1 0.714										 175.83								 12 4.7															 1.9															 7 2
XAVCP359H 2 0.331										 2,761.20					 36 49.4												 8.3															 3 1
XAV475G 3 0.569										 147.68								 36 1.0															 -														 3 1
XNMIC572H 4 0.232										 125.00								 36 1.2															 0.4															 12 3
XZW9252 5 0.421										 1,367.10					 12 7.5															 2.2															 3 1

Gamma	Distribution
Order	Frequency Replenishment	Lead	TimeOrder	Quantity	

Normal	Distribution Normal	Distribution



Simulation	Model	Assumptions
• Customer	orders	are	exogenous	and	independent	of	inventory	level.	Orders	can	come	in	
even	if	there	is	no	inventory	on	hand.	
• Customer	orders	are	not	correlated
• Assuming	lot	for	lot	policy.
• Assuming	supplier	is	not	out	of	stock.	
• Inventory	availability	is	the	only	factor	affecting	service.	
• Raw	data	do	not	have	systematic	trend	/	fluctuation	across	seasons.	The	randomness	of	
the	variables	used	in	the	simulation	account	for	any	seasonality	present	in	the	raw	data.	
• Assuming	countries’	demands	are	independent.	
• Unfilled	inventory	will	be	backlogged.	Customers	will	eventually	accept	inventory	
regardless	of	when	they	receive	it.
• Order	allocation	is	sequential,	on	a	first-come-first-serve	basis.



Simulation	Process
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Results
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SKU ACTUAL	LIFR AVERAGE	IOH WEEKS	W/O	INV. CURRENT INV.	LEVEL SIMULATED	LEVEL

A 85.83% 3,160 2 4,100 3,500

B 96.94% 740,928 0 800,000 180,000

C 53.85% 632 1 300 1,000

D 100% 1,142 0 1,500 800

E 90.05% 49,923 0 61,000 26,000

Sample	material	number	per	cluster



Insights



	 COUNTRY	A	(BLUE)	 COUNTRY	B	(ORANGE)	

NO.	OF	ORDER	 620	 45	

TOTAL	UNITS	ORDERED	 51,696	 121,860	

LARGEST	ORDER	SIZE	 504	 23,040	

DEMAND	COV	 0.21	 1.07	

	

Hypothesis:	Erratic	ordering	patterns	causes	strain	in	the	supply	chain	performance.	
It	leads	to	higher	inventory	requirements	given	the	same	risk	exposure.

Insight	1:	Demand	Pattern	Analysis
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Simulated	Order	Pattern	Changes

• Recommendation:	reduce	order	variability,	advanced	notices	before	ordering	
above	threshold



Insight	2:	Forecasting
• We	increase	1	period	of	forecasting	by	assuming	we	know	80%	of	the	
next	period’s	demand

• Results	show	it	moderately	improves	inventory	performance	under	
current	1	week	lead	time



Insight	3:	Lead	time
• We	simulated	a	‘supply	shock’	where	our	replenishment	lead-time	
suddenly	inflates	from	1	week	to	1	month

• Inventory	performance	drops	drastically.	We	need	to	double	the	
baseline	inventory	to	guarantee	service	level



Conclusion
• Data-driven	approach	to	inventory	management

• Understanding	demand	characteristics
• Clustering
• Machine	learning

• Applicable	to	many	industries
• Criticality	of	product	availability
• Risk	Management
• Manage	order	patterns



Q&A


