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Company Overview — Industry & Distribution model

Industry

Baby product
HQ in NA
Manufactures
products and
stores mainly in
mixing centers

Mixing center

Inbound shipments
to mixing center
From Mixing center
to retailers’ DCs
From retailers’
DCs to retailers’
stores
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Traditional Retail

Multi-Echelon

Mix/Consolidation

Center

Distributor /

Wholesaler

Direct to Store

Delivery (DSD)

Drop Ship from

Manufacturer

OOS problem

Repeated OOS
events at retailers’
DC

There might be
patterns for OOS
Goal is to identify
whether there is a
pattern

Sudden vs gradual
drop in the last two
days

Actions to minimize
the impact of OOS




Sample data

One SKU includes 959991

- 42 DCS Sales Date
- Each DC (one year) 500

432 unique SKUs b

- DC data

- Store data S0

5 demand signals

- Base Demand . 59
- Unexpected Demand ¢ ..,
- Phaseln &
- Promotion -
- Phase Out 200
20 SKUs are selected: 100
- High volume (65%) -
- Demand signals mix
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Methodology - Index for three patterns

gradually 005 in 70 1
gtin sales_date de_imv de_num__ Index Average Lower bound  upper Bound
12/8/16 £ 224 4429 001 ? Index
12/9/16 8 150 4429 001 7 .
12/10/16 58 131 9 001 7 ‘
12/11/16 @ 090 4429 001 ? o
12/12/16 n 052 4429 001 7 1
12/13/16 6 0.4 " 001 7 -
12/14/16 0 000 4429 0 0 1 2 3 : 5 § 7
Figure 7 Pattern | gradually OOS in 7 Days Normalize data
Ieentory last for 30 4 . .
gtin sales_date  dc_inv de_num  index Average  Lowerbound  upper Bound Matnx Proﬂle
11/23/16 2 195 1129 on 100 ndex
11/24/16 15) 13 129 1.00 7.00 =
11/25/16 5| 044 11.29 00 1.00 1 —
washe o o um om0 Interval m=7, 6, 5 or 4 Days
11/27/16 2 195 129 001 7.00 T
11/28/16 10| 089 1129 00 7.00 " .
11/29/16 5| 044 129 001 7.00 Index _ INVTl
' : AveINV (Ti to Ti+7)
st 30 then 20 005 7 Lower bound and upper bound
tin sales_date de_inv denum Index Average  Lowerbound  upper Bound
12/15/16 EE! 150 nw 001 700 .
12/16/16 5 14 00 1 700 '
12/17/16 n 055 nw 001 100 B
12/18/16 0 000 nw 0 [) o
12/19/16 0 000 200 0 0 o
12/20/16 “ 200 nw 001 7 E
/2116 © 10 nw 001 7
| —
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Methodology - Similarity search

Calculate the average inventory level within each subset of time series (length
of subset=m);

Divide each inventory level by the average inventory level in order to obtain Five steps approach
the index for each row;
Python

Compare each index to the interval of the predefined index range: If each
index is within the lower bound and upper bound of the predefined index
range, then a pattern is identified, indicated, and recorded in the new dataset;

Slide the subset until the end of the time series in the same DC data;
Repeat the same steps for all 42 DCs’ data.
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Example of pattern recognition for Pattern |

—
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Original time
series vs
aggregated
Patten |

Use both index
and inventory on
hand value




From 8 Patterns to 3 patt

a1 inisiative
203 508 event
> e Saove S T
e T e e S omperes w555
Pattern 1 graduaily 005 in 70 ™ “ooosrs 15 " “ooisss 22 ™ ooy o ™ “ooaoae
Pattern 1 hatf <1 Mottt I Goosas I oooos i oo i oo
Patrern 2 oI o.00000 o o.00000 o o.00000 o o.00000
Famerms S —oooses S —oooses S m—r=rre S —r=Tre
Pattern  inventory tast for 30 hai <3 haif=1 22 oossen 50 oosarr 33 oosres s oosses
Pattern I Goooms 2 Gooons 1 oooons 2 oooons
Patierns 5 o.00000 o o000 5 o.00000 P —-
Pateern 7 T2st S5 Then 36 665 S Scasso o —oooes 3] —ooises ol —oouss: .
Faem 5 oiosse Bl o ooome o 0w 5 GTINs were tested with 8 patterns
arin 2 inisiative
503 seoc ou evere
T s s =
Pascern® remoency % compared to G%/time series? as the m value decreases from 7
Pattern 1 gradusily 0OS in 70 52 ™ “oossiy 6 o 0sase T a5 oosiss
Pattern 1 hatf 21 Mottt Ery—Y T 35 ooees Er s e .
Pattern 2 1 0.00072 1 0.00072 1 ©0.00072 1 0.00072 da S to 4 da S Slmllar attern Sha es
Pattern 3 I oooors I oooors I oooors I oooors \% ys, p p
Pattern 3 inventory tast for 30 haif <3 haif=1 30 oosire 2 ooy 0 oosmee e oosses
Patiern s S ooony 3 Goony S ooony 3 ooony
Paceernd P o - P -y | bossis happen more often
Pattern 7 last 3D then 2D OOS 18 ©0.01303 23 0.01665 sa ©0.03910 103 0.07458 )
Patiern s o oooees R R e olosces

R 3 higher frequency patterns were

7 days 6 days S days 4 Days
Pattern # % % % % to 0Os I t d f f rth h
Pattern 1 gradually OOS in 70 16 ©0.01313 28 ©.02297 28 ©0.02297 62 0.05086 Se eC e Or U er resea rC
Pattern 1 half <1 half>1 a ©0.00328 21 0.01723 22 ©.01805 61 ©0.05004
Pattern 2 ) ©0.00000 ) ©0.00000 ) ©0.00000 ) ©0.00000
Pattern 3 2 0.00164 2 0.00164 2 0.00164 2 0.00164
Pattern 4 Inventory last for 3D half <1 half>1 29 0.02379 31 0.02543 31 0.02543 a3 0.03527
Pattern 5 1 ©0.00082 1 ©0.00082 1 ©0.00082 1 ©0.00082
Pattern 6 o ©0.00000 o ©0.00000 o ©0.00000 a2z ©0.034as5
Pattern 7 last 3D then 2D 0OS 10 0.00820 14 ©0.01148 54 0.04430 65 0.05332
Pattern 8 ) ©0.00000 o ©0.00000 o ©0.00000 ) ©0.00000
GTIN a initiative
3548 stock out event
7 days 6 days S days 4 Days
Pattern # 3 pa 3 pa 3 pa 3 pared te 0OS
Pattern 1 gradually OOS i 1 ©0.00028 6 0.00169 22 ©0.00620 260 ©0.07328
Pattern 2 o ©.00000 ) ©0.00000 ) ©0.00000 ) ©0.00000
Pattern 3 o ©.00000 2 ©0.00056 2 ©0.00056 2 ©0.00056
Pattern 4 Inventory last for 3D half <1 half>1 68 0.01917 82 ©0.02311 24 0.02649 124 ©0.03495
Pattern 5 o ©0.00000 1 ©0.00028 1 ©0.00028 1 ©0.00028
Pattern ) ©0.00000 ) ©0.00000 ) ©0.00000 a2z ©0.01184
Pattern 7 last 3D then 2D 0OS 23 0.00648 28 0.00789 417 ©0.11753 528 ©0.14882
Pattern 8 o ©0.00000 o ©0.00000 o 0. o ©0.00000
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Steep drops for Pattern |

7Days 6 Days Sdays
Bin Frequency Bin Frequency Bin Frequency

0% Q 0% Q 0% o
20% 2 20% 5 20% 5
40% 4 40% 5 40% 4
60%. 0 60% 4 60% 10
80% 0 80% 0 80% 2
100% 0 100% 0 100% 0
More 0 More 0 More 0
6 14 21

Averagedrop Averagedrop Averagedrop
Per day 17% Per day 20% Per day 25%
For the last 2 days 33% For thelast 2 days 40% For the last 2 days 50%
>70% 0 >70% 0 >B0% 0
>70% 0% >70% 0% >B0% 0%

7 Days 6 Days 5days
Bin Frequency Bin Frequency Bin Frequency

0% 0 0% 0 0% 0
20% 8 20% 6 20% 5
40% 14 40% 17 40% 13
60%. 4 60% 9 60% 21
B0%. 5 80% 6 80% 8
100% 0 100% 1 100% 5
Mare 0 Mare 0 More 0
31 39 58

Averagedrop Averagedrop Averagedrop
Per day 17%. Per day 20%. Per day 25%
For thelast 2 days 33% For thelast 2 days 40% For the last 2 days 50%
>70% 1 >70% 4 >B0% 5
>70% 3% >70% 10% >B0% 9%
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7Days 6Days 5days

Bin Frequency Bin Frequency Bin Frequency
0% 0 0% 0 0% Q
20% 5 20% 6 20% 7
40% 6 40% 8 40% 13
60% 5 60% 12 60%. 10
80% 0 80% 2 80% 9
100% 0 100% 0 100% 1
More 0 More 0 More 0
16 28 40

Averagedrop Averagedrop Average drop
Per day 14% Perday 17% Perday 20%
For thelast 2 days 29% For the last 2 days 33% For the last 2 days 40%
>70% 0 >70% 1 >B80% 1
>70% 0% >70% 4% >B0% 3%

7 Days 6 Days S days

Bin Frequency Bin Frequency Bin Frequency
0% 0 0% a 0% 0
20% 4 20% 3 20% 4
40% 8 40% 7 40% 9
60% 1 60% 10 60% 14
B0% 1 B80% 2 80%. 4
100% 0 100% 0 100% 0
Mare 0 More 0 Mare 0
14 22 31

Average drop Averagedrop Average drop
Per day 14% Per day 17% Per day 20%
For the last 2 days 29% For the last 2 days 33% For the last 2 days 40%
>70% 0 >70% 1 >B0% 1
>70% 0% >70% 5% >B80% 3%

70% drop for 7, 6 and 5
days; 80% drop for 4 days

20 SKUs were tested

steep drops seems to be
infrequent events (less
than 10%)

OOS pattern doesn’t seem
to be predictable sole
based on DC data




Future studies-POS & weekends

P | brand w | uaken i w | v | de v uvaA.-u.- *| Index ¥ wookday | ¥ | woekend | ¥ | Days withed ¥ . -
10716 142 1 190 4 Weskdays 1 101 153 17 5 19 POSS109 isventorys 42
L GEOTY 1 L 1% S Weekdayn 2 101 143 " L a3
s 13 [ 150 & Weskdays 3 101 9 n 7 30
L GEETY L Mn 0% 7 Weskend 4 m w9 2 10 ”»
}runs ° omn 1 Weskend 5 101 194 n 16 a5 Si t t .
1516 o 0.e0 2 Weskdmyy & 101 01 " 2% a6 POS ry rt g
Bens (] . 3 Weskdays 7 101 m 7 7 a7 Invento startin
'll.'l}n'lh ' 19 1 Weskend 1 108 30 1w 14 FOS-112 isventory«30 H
fanene ° 183 2 Weskdays 2 103 09 ] 16 but 1ota store mventory 3197 p0|nt
fanine ° 157 3 Weskdiys 3 103 31 10 15
zmms o 4m o9 4 Weskdays a 103 a ] 13 .
229716 ° as2 5 Weskdays s 108 316 8 12 T t I
flapo0ne [ 022 & Weskdays 5 103 e L] 13 Ota Store Inventory >
f231/16 ] - 7 Weskend ? 103 317 ] 1z
W Ll (14 165 3 Weekdays ] 140 m ] “ 77 POSs 15 invertonysd68 POS
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iﬂl.‘l‘ L) L] 140 5 Weskdays ] 140 172 o it L]
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e o 037 7 Weekend 5 140 nz 7 a L] ee ay VS weeKkends
L 002 1 Weshend L 140 334 18 a1 66
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Conclusions and Recommendations

MIT Supply Chain

Using the index and similarity search methods, a series of OOS patterns can be
identified and aggregated in a large scale. This method could possibly be scaled to
all 432 GTINs to aggregate patterns from 4 million transactions.

Stock outs don’t seem to be predictable based solely on the DC data.

Store data could be incorporated to connect the POS and OOS events, in order to
identify the drivers of out of stocks.




Thank you and questions
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