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ANALYTICS VALUE CHAIN

Descriptive Diagnostic Predictive Prescriptive Analytics:
Analytics: Analytics: Analytics: How can we make it
What happened? Why did it happen? What will happen? happen?
Information O zationis .
.Business Intelligence* »Predicting the future \;o‘eé\g“

Value

\(\S;\gh‘ .. (- :
Availability of Data (Big Data)

Hindsight

Difficulty
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Founded in 4Q 2016 Approach
« Data Scientist x10 « Customized development
«  Collaboration with * Rapid prototyping
Singapore Management « Commercial-value focused
University « Proactive R&D: 2" supplier surge economics

models; Warehouse automation Digital Twin

Machine-learning algorithms

- Analytics-as-a-service
- ) L . 46 22 Neural A e i Support
- Business intelligence mining i Neworks 7575 Farear M Gimaning N Vector o
across large data sets i r -
Open-source tools
« Predictive & prescriptive —
: gy ——
_ . analytics solutions @ python @DQOQJ .mungu \
. «  Process automation . m —
_ , ! 45 hEEfElElﬂ MySol lﬁ] Power Bl
e @;'— |
—
e

_‘ DHL Trend Research
|

M



1 Introductions J

3  Fujitsu — Smart Mobility J




USE CASE OPPORTUNITIES

Event Prediction Demand Prediction Image Recognition
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USE CASE 1: AIR FREIGHT DELAYS

Predicting potential shipment delays

Facilitate proactive mitigation, e.g. alternative routing;
Route optimization / planning

Leveraged machine learning to achieve advance notice
Identifying top influencing factors

Predicting next Sunday’s
airfreight transit time delay
risk on Monday

Mon Tues Wed Thu Fri Sat Sun

Yes

y A
No

Prediction accuracy of an
event in 10 days time

E B E

PVG-AMS FRA-PVG

I On Time B Not On Time
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USE CASE 1: AIRFREIGHT DELAYS

Attribute Name - | Coefficiel = Influence -
Top Influences in the Logistic Regression Model DEP_DaySunday 0.908 (+)
DEP_DayMonday 0.884 (+)
0.0 0.2 0.4 0.6 0.8 1.0 DEP_DayTuesday 0.838 (+)
DEP_DaySunday ' i i i i DEP_DaySaturday 0.597 (+)
DEP_DayMonday DEP_WeekOfYear 0.485 (-)
AirlineChina.Cargo.Airlines 0.463 (+)
DEP_DayTuesday AirlineChina.Southern.Airlines. 0.387 (+)
DEP_DaySaturday DEP_MonthOct 0.367 (+)
DEP_WeekOfYear CMDTY_grpComputers_Parts 0.352 (+)
AirlineChina.Cargo.Airlines DEP_MonthNov 0.341 (+)
AirlineChina.Southern.Airlines. DEP_MonthDec 0.330 (+)
DEP MonthOct DEP_MonthAug 0.281 (+)
CMDTY_grpComputers,_Parts CMDTY_grpElec_Appliances 0.279 (+)
DEP MonthNov AirlinePrimaris.Airlines 0.278 (-)
- DEP_DayWednesday 0.254 (+)
DEP_MonthDec DEP_MonthJun 0.246 (+)
DEP_MonthAug AirlineKLM.Royal.Dutch.Airlines 0.240 (+)
CMDTY_grpElec_Appliances DEP_MonthJul 0.232 (+)
AirlinePrimaris.Airlines AirlineSingapire.Airlines 0.213 (-)
DEP_DayWednesday PCS 0.194 (=)
DEP_MonthJun AirlineAir.China...Air.China.Cargo. 0.181 (+)

AirlineKLM.Royal.Dutch.Airlines AirlineYangtze.River.Express. 0.176 (+) ‘
DEP Monthiul AirlineEAT.European.Air.Transport. 0.150 (+) -
- AirlineEVA.Air. 0.149 (-) TR

AirlineSingapire.Airlines DEP_MonthMay 0.138 (+)
AirlineAirbridge.Cargo.Airlines 0.138 (+)
DEP_MonthSep 0.135 (+)

CMDTY_grpVehicle_Parts 0.130
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USE CASE OPPORTUNITIES

Event Prediction Demand Prediction Image Recognition
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USE CASE 2: KEY CUSTOMER DEMAND PREDICTION

Predicting demand at Client and SKU level

« Demand pattern identification (i.e. surges)
* Improving fill-rate
* Profiling customer order behavior
 Finding hidden relationships

Predicting aggregate demand
i.e. For SKU with top volume: 93%

Predicting if next order would

be a surge
Evaluating the effectiveness of various

Identifying key dealer
clusters based on demand

accuracy _ : _ recency, frequency & value
machine learning algorithms =
Vi e | ' Top Dealer -
68-73% -
1o0a | 85% : : 51% 51% S0 a . Customers - B
1 - ! ) 9% 48% (Cluster 3; Likely _ o b =lch £lige iy
[ o - already known and - - ;i ! 'E; A
0 - well managed by R r » i :;; i
H L the business . '
_ - o o = L~ L = HHRNA Ll
£ 88 Geig =g ==g ANALYSIS FOCUS.. - 1 LESTIEEREEYEEY L
B A ST §3{"§§! E = % ES: § Nextmost T, - ."x — FROEER i
“%| Dots: Actual demand i mE ' N - = 3 =
" Prodiction Unoertainty g2 8B, F & = Important deales——==e < T Order Size Order Timeframe
o 8§81 %1 ¥ g £ cluster  Cw U S
B2 re 2 2 (Cluster 5) R it

Simulation upcoming dealer
order behavior
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USE CASE 3: DEMAND & INVENTORY ANALYTICS

Stock analysis to enable network & inventory
optimization

* Predicting demand across all SKUs
» Optimizing inventory safety-stock levels

b L . l g 5 5 5 g
el [ — « Decomposing trends to identify seasonality & impact of
Y I R [ . 1§l external influences
Improving forecasts to lower Multi-dimensional clustering to
safety stock levels identify optimal distribution
. approach
g;vr:ms-lanc 23"h x 'w 24"h x 10"w l:':\"!,l'lu;gw 24'5"':': I’Io"-l lm:,l';'l"\:o 2:‘:“:“:78"w ' -'III'. Volume
e T T A i o EAATA
E"‘?"?'*'* 4 s £ e e s 139 e - N /\’\ Target Safety Velocity
Stock Levels
Pistlia e range ‘.-luulllllll|l|"ﬂ“mmmm Vo|at|||ty
— Actual demand Range of SKUs

.
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USE CASE 3: DEMAND & INVENTORY PLANNING

+10% e
Forecast Accuracy f ﬁﬁﬁﬁﬁ
Improvement
>€4M (>30 %) 23%
Working Capital Storage Space
Savings Reduction

.
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USE CASE OPPORTUNITIES

Event Prediction Demand Prediction Image Recognition

P ,

o

_‘ DHL Trend Research
|

aag



WHAT IS IMAGE RECOGNITION?

94 920 92 920 90 91 91 86 85 920 87 91 98 93 95 93 87 90 88 87 85 81 79 78 77 78 76 80 79 8

116 114 111 110 107 111 109 106 104 106 106 111 112 107 107 108 104 109 108 108 105 105 107 108 103 107 111 112 114 10

122 119 118 116 116 119 116 112 113 112 116 117 117 120 120 119 114 113 115 119 118 117 119 119 116 120 119 120 125 11

127 123 125 127 125 127 128 128 127 124 128 128 130 131 130 132 132 125 122 127 125 125 125 125 125 127 128 128 132 12

132 132 134 133 135 132 135 139 137 137 136 142 130 109 88 77 85 108 134 133 129 129 130 130 132 138 141 137 139 13

133 137 139 144 145 143 145 147 144 148 150 124 108 126 98 66 45 38 80 145 135 132 133 138 145 149 147 144 144 14

136 144 150 151 149 151 156 154 152 158 139 130 201 212 185 122 61 36 22 99 150 141 144 147 153 154 149 148 151 14

146 154 151 159 162 164 162 159 159 164 104 176 237 231 218 168 94 47 25 40 138 144 152 155 155 161 160 156 160 15

130 144 137 156 167 168 170 163 172 153 88 194 224 223 209 189 151 60 30 22 88 122 128 138 159 166 168 163 155 15

91 98 115 127 131 121 139 169 186 126 81 162 188 191 155 147 127 70 30 28 61 91 102 102 147 173 178 162 135 12

69 94 105 110 102 94 109 143 142 104 86 161 174 168 167 156 163 82 30 28 52 70 80 74 121 175 168 158 132 13

85 920 88 93 91 81 78 92 90 84 86 215 220 192 211 229 168 61 35 29 51 88 920 82 101 152 155 144 135 12

81 68 76 83 88 84 77 81 69 66 65 176 207 150 191 191 122 53 39 29 40 65 73 73 86 100 100 91 94 9

62 67 79 85 83 81 81 81 68 65 57 136 197 136 157 172 113 53 40 29 38 62 61 61 66 72 86 80 76 9

61 70 81 84 82 75 75 77 82 78 59 76 185 197 164 141 920 48 40 28 44 74 80 78 71 75 75 78 80 8

54 66 64 81 75 71 76 81 929 81 64 a4 79 150 111 82 66 49 40 32 37 64 78 75 70 70 67 79 83 8

55 58 58 77 79 83 91 100 110 86 60 57 41 83 105 80 95 90 46 31 32 55 75 79 77 73 76 81 85 9

60 72 72 85 99 92 92 98 97 79 59 55 49 116 174 144 152 141 69 50 45 38 68 76 78 107 130 112 98 10

84 80 76 102 105 97 79 64 68 53 51 66 130 189 198 195 200 185 101 83 63 36 53 80 95 131 125 109 96 9

108 102 91 117 111 113 82 64 72 46 54 143 221 228 224 223 222 194 114 91 52 52 53 84 146 143 128 119 110 10

106 107 102 129 143 124 94 99 62 44 104 198 234 234 229 232 223 191 116 79 57 100 82 52 94 132 142 149 143 11

105 110 101 101 123 134 126 73 36 71 189 230 232 233 235 234 227 189 120 119 149 135 93 45 38 81 105 112 147 14

101 119 119 124 121 142 114 37 45 81 188 234 229 243 245 243 237 180 124 109 74 44 28 27 31 46 88 91 124 13

80 132 148 145 144 112 45 41 59 94 109 137 165 200 211 215 172 111 59 37 42 44 22 19 31 37 83 117 106 10

59 103 144 146 150 93 47 49 69 86 75 9% 116 117 115 113 86 44 26 53 73 58 47 37 35 37 56 100 108 10

59 70 126 128 129 79 42 43 62 62 61 80 101 91 88 77 42 23 42 52 55 89 93 70 37 37 46 99 99 8

74 114 150 152 136 60 44 43 52 55 54 62 66 74 81 56 34 33 38 36 70 101 73 32 23 43 51 72 103 8

99 116 126 139 94 48 57 49 47 51 50 55 58 73 67 48 30 31 27 49 74 61 30 28 28 39 56 63 106 10

81 77 89 70 46 54 74 58 45 40 43 47 57 68 59 38 32 25 22 45 39 22 34 36 28 34 42 42 59 7

85 82 64 56 63 68 78 68 48 35 40 42 59 65 41 33 35 24 24 30 14 31 38 27 28 37 44 43 68 8

90 65 56 55 60 58 56 50 49 38 38 42 61 50 36 33 30 24 24 19 16 35 44 41 26 34 38 41 70 9

84 49 54 63 94 94 93 61 31 23 27 34 42 43 35 28 26 19 17 14 20 34 36 35 24 27 34 35 51 8

74 46 42 74 116 112 110 106 116 155 124 70 34 23 27 30 23 13 17 18 24 33 41 30 22 23 35 36 39 5

66 45 39 64 101 97 91 110 203 221 209 190 161 88 23 19 21 9 13 10 10 25 39 27 23 27 39 39 45 5

61 43 35 36 65 71 73 93 148 165 186 194 197 193 165 70 14 23 20 43 42 35 27 27 32 42 35 36 44 5

67 29 28 20 33 39 46 47 88 133 168 181 181 174 161 166 111 123 110 112 119 94 55 18 30 46 30 32 39 5

. 47 31 25 24 26 22 24 96 158 173 138 155 168 159 143 109 129 108 100 106 89 79 74 32 11 21 25 28 39 7

34 25 31 34 36 24 41 134 152 184 148 118 136 153 132 129 85 74 65 74 65 56 48 26 9 16 22 30 46 7

‘ﬂ 25 21 28 29 28 31 50 113 145 157 108 82 83 98 90 90 81 38 41 32 33 35 23 13 12 19 27 33 46 6

—— — - 31 29 33 25 25 30 38 55 127 86 60 61 64 68 55 45 36 26 19 13 15 14 14 10 11 22 29 36 38 5

T o g | 29 27 26 23 29 32 29 36 71 52 48 48 54 52 38 33 31 23 18 11 8 10 10 8 7 15 35 29 33 4

w 27 23 17 23 23 21 28 39 39 32 28 37 34 24 15 9 9 9 12 7 7 8 7 7 7 10 31 22 25 3
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WHY IS IMAGE RECOGNITION SO CHALLENGING?

Round edges
Linear edges

C
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Max Max
pooling pooling

Layer 5: Conclusion:

Identify Edges Identify Textures Identify Object Parts Identify Item Probabilistically




EXAMPLE: CANCER DETECTION

1. Medulloblastoma whole 2. Tissue patch-based
slide image dataset dataset

3. CNN-based feature 4. Learned features
extraction

5. Machine learning
classifier
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' classifier

Faster, cheaper diagnosis on par or more accurate than humans
i.e. Detection sensitivity of very small tumors — .

by clinicians: 38% |

by ConvNet (Machine Learning): 70%
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USE CASE: DEFECT DETECTION / PREDICTIVE

MAINTENANCE

Today: Manual inspection; AR/VR enabled
service assistance

oc Innunlulon Issue

Future: Al driven diagnosis oy e

e Identification of defects using non-
destructive tests: e.g. photos, X-ray or
ultrasonic scans

i e Able to identify unknown defects by
learning data from good parts
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“Here’s all my data, find useful
insights”




STARTING WITH THE END IN MIND

Decision Driven
Approach
(Strategic)

Data Driven

Approach
(Operational)

What data are What data must we
available? collect to get the
information we want?

What information ' What information
can we learn from - Information 3 do we need to get
these data? " . these insights?

What insights can What insights do

we generate with this we need to make
information? these decisions?
How do we use What are the critical
these insights to decisions?

\/ | make decisions?

Source: Mckinsey & Company
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BREAKING DOWN THE PROCESS

(d) Current State (e) Target Future State

i.e. forecast accuracy, processes, i.e. what is the future process flow
technology, root causes

(f) Information / Insights (g) Data (h) Stakeholders

needed to succeed i.e. internal, external, time-range i.e. ops, planning, sales

i.e. network, pull/push model,

KPIs, SLAs

(i) Data Science () Data Visualization

Approach Approach |
, i.e. clustering, machine learning i.e. Power BI, Tableau, Web-App e TTTr—
———d predictions
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STORY TELLING

Interactive Visualization Dashboard
Enabling the slicing & dicing of data; For mining of insights
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One-stop operational view for end-to-end view of risk levels
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Volatility and Trend Analysis

Quantitative analysis for operational foresights and benchmarking

LT

Failure/Deviation Prediction
Predicting service levels to enable quicker risk /service mitigations
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TIMELINES |

=l Data Preparation

» Data Extraction WHAT DATA SCIENTISTS SPEND THE MOST TIME DOING
* Data cleaning 60%
* Data integl’ation Cleaning and

organising data

3%
 Evaluation distributions of variables and relationships  suiding
) g Ruldng,
« Imputing missing values S
* Deriving new features

4% 19%
" Collectin
mmmd Develop Predictive Models = e
{ «* Exploring different algorithms and methods 5%
« * Check model fit Other
* Refine predictors 9%
Mining data

for patterns

Validate Models

Source: CrowdFlower 2016

» Evaluate model performance of models
» Accuracy Vs Interpretability
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