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o <- as.hZ2o(blendeddt)

t_h20 <-
o.splitFrame(dfh2o, c(@.5999999999, 0.2, 0.2), seed = 1234)

n_conv_h2o0 <- h2o.assign(split_h2o[[1]], "train") # 60%
d_conv_h20 <- h2o.assign(split_h2o0[[2]], "valid") # 20%
_conv_h20 <- h2o.assign(split_h2o[[3]], "test") # 20%

alidate model firlst

ml_hZ2o_models <- hZ2o.automl(

= predictors,

= target,

aining_frame = train_conv_h2o,
aderboard_frame = valid_conv_h2o
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The CMO Survey” =%,

FEBRUARY 2020

HOME MARKETPLACE GROWTH SPENDING PERFORMANCE SOCIAL MEDIA MOBILE JOBS ORGANIZATION LEADERSHIP ANALYTICS

Use of quantitative metrics to demonstrate impact of
marketing remains a challenge for marketers

How companies demonstrate the impact of marketing spending over the long run.

Economic Sector
% Selected
21.2%
Haven't been able to show )
the impact yet Prove the impact quantitatively

B2B Product: 23.2%
B2B Services: 32.6%
. 0,
34.9% B2C Product: 52.2%

Prove the impact B2C Services: 52.4%

quantitatively - )
Good qualitative sense of the impact

B2B Product: 51.8%
B2B Services: 41.3%
B2C Product: 34.8%
B2C Services: 38.1%

Haven't been able to show the impact
B2B Product: 25.0%

B2B Services: 26.1%

B2C Product: 13.0%

B2C Services: 9.5%

43.8%
Good qualitative sense of the
impact, not quantitative

© Christine Moorman
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The CMO Survey” =%,

FEBRUARY 2020

JOBS ORGANIZATION LEADERSHIP ANALYTICS

Company use of marketing analytics in decisions

continues to slow

Percent of time marketing analytics is used in decision making
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@ Economic Sector

B2B Product: 34.0%
B2B Services: 27.3%
B2C Product: 46.4%
B2C Services: 58.6%

@ Insights

As companies increase in revenue
and level of Internet sales, they
increasingly rely on marketing
analytics in decision making.




o <- as.hZ2o(blendeddt)

t_h20 <-
o.splitFrame(dfh2o, c(@.5999999999, 0.2, 0.2), seed = 1234)

n_conv_h2o0 <- h2o.assign(split_h2o[[1]], "train") # 60%
d_conv_h20 <- h2o.assign(split_h2o0[[2]], "valid") # 20%
_conv_h20 <- h2o.assign(split_h2o[[3]], "test") # 20%

What is Data Science?

alidate model firlst

ml_hZ2o_models <- hZ2o.automl(

= predictors,

= target,

aining_frame = train_conv_h2o,
aderboard_frame = valid_conv_h2o



Meaningful insights
from data using the
scientific method
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o <- as.hZ2o(blendeddt)

t_h20 <-
o.splitFrame(dfh2o, c(@.5999999999, 0.2, 0.2), seed = 1234)

n_conv_h2o0 <- h2o.assign(split_h2o[[1]], "train") # 60%
d_conv_h20 <- h2o.assign(split_h2o0[[2]], "valid") # 20%
_conv_h20 <- h2o.assign(split_h2o[[3]], "test") # 20%

What is NOT Data Science?

alidate model firlst

ml_hZ2o_models <- hZ2o.automl(

= predictors,

= target,

aining_frame = train_conv_h2o,
aderboard_frame = valid_conv_h2o
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o <- as.hZ2o(blendeddt)

t_h20 <-
o.splitFrame(dfh2o, c(@.5999999999, 0.2, 0.2), seed = 1234)

n_conv_h2o0 <- h2o.assign(split_h2o[[1]], "train") # 60%
d_conv_h20 <- h2o.assign(split_h2o0[[2]], "valid") # 20%
_conv_h20 <- h2o.assign(split_h2o[[3]], "test") # 20%

Why Should Marketers Care?

alidate model firlst

ml_hZ2o_models <- hZ2o.automl(

= predictors,

= target,

aining_frame = train_conv_h2o,
aderboard_frame = valid_conv_h2o



Why Should Marketers Care About Data Science?
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Why Should Marketers Care About Data Science?

Accelerate
Decisions
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Why Should Marketers Care About Data Science?

Accelerate Lower
Decisions Costs
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Why Should Marketers Care About Data Science?

} ¢ ¥ g

Accelerate Lower Beat
Decisions Costs Competitors
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Why Should Marketers Care About Data Science?

y & ¥ 8

Accelerate Lower Beat New
Decisions Costs Competitors Opportunities
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o <- as.hZ2o(blendeddt)

t_h20 <-
o.splitFrame(dfh2o, c(@.5999999999, 0.2, 0.2), seed = 1234)

n_conv_h2o0 <- h2o.assign(split_h2o[[1]], "train") # 60%
d_conv_h20 <- h2o.assign(split_h2o0[[2]], "valid") # 20%
_conv_h20 <- h2o.assign(split_h2o[[3]], "test") # 20%

Data Science 101: Business Skills

alidate model firlst

ml_hZ2o_models <- hZ2o.automl(

= predictors,

= target,

aining_frame = train_conv_h2o,
aderboard_frame = valid_conv_h2o
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Key Question:
What decision will be make from this?
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Data, without decisions, is distraction.
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Example: KPI Mapping
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Revenue
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Revenue

Closed

Won Deals
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Revenue

Closed
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o <- as.hZ2o(blendeddt)

t_h20 <-
o.splitFrame(dfh2o, c(@.5999999999, 0.2, 0.2), seed = 1234)

n_conv_h2o0 <- h2o.assign(split_h2o[[1]], "train") # 60%
d_conv_h20 <- h2o.assign(split_h2o0[[2]], "valid") # 20%
_conv_h20 <- h2o.assign(split_h2o[[3]], "test") # 20%

alidate model firlst

ml_hZ2o_models <- hZ2o.automl(

= predictors,

= target,

aining_frame = train_conv_h2o,
aderboard_frame = valid_conv_h2o



Scientific
Skills
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Key Question:
Is this reproducible?
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The A/B Test
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Provably true or false
single condition
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© No leader found

Not enough data was received to find a leader. Learn more.

(7] Started manually: Wed, Jun 28, 2017, 6:00 AM EDT Ended: Tue, Sep 26, 2017, 8:54 AM EDT

Based on Google Analytics data as of Tue, Sep 26, 2017, 8:54 AM EDT. @ [ View in Analytics

Newsletter Subscription (Goal 1 Completions)

.1l OBSERVED DATA «' OPTIMIZE ANALYSIS
Experiment Experiment Calculated Conversion Probability to be Probability to beat Modeled
ST Sessions Conversions Rate Best Original Madeled Conversion Rete Improvement
. 3.7% 9.0%
AO-BO : 312 18 5.77% 61% Baseline — emOmm—— Baseline
3.0% 7.4%
AO-B1 : 334 17 5.09% 20% 26% o= -57% to 54%
— O————
2.1% 6.8%
A1-BO : 274 10 3.65% 8% 14% +——C——— -68% 10 36%
P—“—.
2.4% 7.1%
A1-B1 : 291 12 412% 1% 18% ——=— -64% to 44%
——O—
Modeled Conversion Rate All Last 7 days Last 30 days
25.00% o A
—— A0-B1
— A1-BO
20.00% — A1B1
15.00%
10.00%

@ trustinsights 5.00%



o <- as.hZ2o(blendeddt)

t_h20 <-
o.splitFrame(dfh2o, c(@.5999999999, 0.2, 0.2), seed = 1234)

n_conv_h2o0 <- h2o.assign(split_h2o[[1]], "train") # 60%
d_conv_h20 <- h2o.assign(split_h2o0[[2]], "valid") # 20%
_conv_h20 <- h2o.assign(split_h2o[[3]], "test") # 20%

Data Science 101: Mathematical Skills

alidate model firlst

ml_hZ2o_models <- hZ2o.automl(

= predictors,

= target,

aining_frame = train_conv_h2o,
aderboard_frame = valid_conv_h2o
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Mathematical Skills
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Key Question:
Is this mathematically sound and valid?
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4 Key Techniques

JIL

() trustinsights

Centrality
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Distribution

Regression

Clustering



COMPARE
CONTRAST
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Audience Overview & B save 4, ExPORT  « SHARE (&) INSIGHTS

Dec 7,2019 - Jan 5,2020 ~
O All Users + Add Segment
100.00% Users

Overview

Users ¥ ' VS. Selecta metric Hourly Day Week Month

® Users

300

200 Friday, December 13, 2019

= Users: 170
100
Dec 8 Dec 10 Dec 12 Dec 14 Dec 16 Dec 18 Dec 20 Dec 22 Dec 24 Dec 26 Dec 28 Dec 30 Jan 1 Jan 3 Jan 5
M New Visitor M Returning Visitor

Users New Users Sessions

3,343 3,167 4,333

Number of Sessions per User = Pageviews Pages / Session
1.30 12,466 2.88
n — ./\_ R -~ W\————‘*
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Audience Overview & B sAvE  , EXPORT « SHARE | /& INSIGHTS

All Users Dec 7,2019 - Jan 5, 2020 N
OO +0.00% Users + Add Segment Compare to: Dec 7,2018 - Jan 5, 2019
Overview
Users ¥ VS. Selectametric Hourly Day Week Month

Dec 7,2019 - Jan 5, 2020: @ Users
Dec 7,2018 - Jan 5,2019: @ Users

1,000
500
Dec 8 Dec 10 Dec 12 Dec 14 Dec 16 Dec 18 Dec 20 Dec 22 Dec 24 Dec 26 Dec 28 Dec 30 Jan 1 Jan 3 Jan 5
B New Visitor M Returning Visitor
Users New Users Sessions Dec 7, 2019 - Jan 5, 2020
-2.11% -3.56% 2.80%
3,343 vs 3,415 3,167 vs 3,284 4,333 vs 4,215

Number of Sessions per User = Pageviews Pages / Session
trustinsights @cspenn | @TrustlInsights | WhereCanlGetTheSlides.com




4 Key Techniques

Centrality
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@ trustinsights

Day Index  Pageviews

12/7/19 | 137
12/8/10 T | 274
12/9/19 NG | 632
12/10/19 IR ] 408
12/11/19 I | 637
12/12/19 I | 582
12/13/19 I | 643
12/14/19 T | 212
12/15/10 N | 401
12/16/19 I | 610
12/17/19 I | 546
12/18/19 I 1091
12/19/19 I | 538
12/20/19 I | 555
12/21/19 I | 192
12/22/19 T ] 250
12/23/19 NN | 382
12/24/19 IR 535
12/25/19 T | 257
12/26/19 N | 362
12/27/19 T | 320
12/28/19 Y | 245
12/29/10 NN | 428
12/30/10 I | 465
12/31/19 T | 237
1/1/20 | 154
172720 I 640
173720 N =0 | 401
1/4/20 T | 200
1/5/20 | 132
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Day Index  Pageviews

12/18/19 NG 1091
12/13/19 I | 643
172/20 I | 640
12/11/19 I | 637
12/9/19 NG I 632
12/16/19 I | 610
12/12/19 I | 582
12/20/19 I | 555
12/17/19 I | 546
12/19/19 I | 538
12/24/19 I | 535
12/30/19 IR | 465
12/29/10 I | 428
12/10/19 NN | 408
12/15/19 I | 401
173720 NN | 401
12/23/19 I | 382
12/26/19 RN | 362
12/27/19 YT | 320
12/8/19 Y | 274
12/25/19 T | 257
12/22/19 YT | 250
12/28/19 Y | 245
12/31/19 T | 237
12/14/19 Y | 212
174720 T | 200
12/21/19 T | 192
1/1/20 | 154
12/7/19 ] 137
1/5/20 | 132
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Day Index  Pageviews
12/18/19 NG 1091 Mean 415.533333
12/13/19 I | 643
1/2/20 I | 640 Median 401
12/11/19 I I 637
pIEREY | 632 Mode 401
12/16/19 I | 610
12/12/19 I | 582
12/20/19 I | 555
12/17/19 I | 546
12/19/19 I | 538
12/24/19 I | 535
12/30/10 T | 465
12/29/19 NN | 428
12/10/19 NN | 408
12/15/10 N | 401
17320 I | 401
12/23/19 T | 382
12/26/19 T | 362
12/27/19 N | 320
12/8/19 Y | 274
12/25/190 Y | 257
12/22/19 Y | 250
12/28/19 T | 245
12/31/10 T | 237
12/14/19 T | 212
/4720 T | 200
12/21/19 T | 192
1/1/20 I ] 154
12/7/19 ] 137
1/5/20 T | 132
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4 Key Techniques

trustinsights @cspenn | @TrustlInsights | WhereCanlGetTheSlides.com

Distribution




Google Analytics Bins

Users (bin)

199.5 239.4 279.3 319.2 359.1 399.0 438.9 478.8 518.7 598.5

Number of Records
N w

'_\

(@]




4 Key Techniques

JIL

trustinsights
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Twitter Impressions vs. Google Analytics traffic

45K o)
40K
35K
30K

25K

impressions
o

20K %)

15K °© ogeo _ 8 &
10K %0 o

5K

0K
0 100 200 300 400 500 600
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4 Key Techniques

JIL

trustinsights
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Clustering



trustin:

Twitter Impressions vs. Google Analytics traffic (2)

impressions
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@ trustinsic

Twitter Impressions vs. Google Analytics traffic (2)

impressions
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= IBM Watson Studio Upgrade 4 1346209 - Trust Insights

/ DOCPLEX Test / DA Test K2 @ ) 83 @

4
53
o)
o
O
E

H > X O o}

Drop files here or browse for
files to upload.

El Import v
@ Record Operations v

C) Field Operations A
Data Assets

You may upload multiple data assets.

Auto Data Prep Binning Histogram

Type

Filter ) ) J
— @ @ —

Derive

Data Asset Auto Data... Type
Filler

No Targets
Reclassify
Binning

RFM Analysis ‘ ]

Ensemble

No Targets

artition
SetToFlag
Restructure
Transpose

Field Reorder

0000600000006
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o <- as.hZ2o(blendeddt)

t_h20 <-
o.splitFrame(dfh2o, c(@.5999999999, 0.2, 0.2), seed = 1234)

n_conv_h2o0 <- h2o.assign(split_h2o[[1]], "train") # 60%
d_conv_h20 <- h2o.assign(split_h2o0[[2]], "valid") # 20%
_conv_h20 <- h2o.assign(split_h2o[[3]], "test") # 20%

alidate model firlst

ml_hZ2o_models <- hZ2o.automl(

= predictors,

= target,

aining_frame = train_conv_h2o,
aderboard_frame = valid_conv_h2o
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Key Question:
Is this scalable/automated?
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Repeatable Scalable
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MAEdwvw-Jd

B Analytics All Web Site Data Pages 20190801-20200114 (1)

Insert Page Layout Formulas Data Review View
ue& - X, cut Calibri (Body) ~ 12 v A~ A~ = | = | S~ =79 Wrap Text General v ..i, = 52 iy p}‘)"v 0“ v -;x v ":' ¥
15 copy v | = == ‘
Paste @ o B|I|U|~ || S |~ A - i [ R || i T = | Merge & Center v $ +y % 9 ‘.'u'g ‘?g gg:rggiz?‘agl ano;r:;: Stcyﬂs Insert  Delete  Format
Al = fx  Page
A B C D E F G H I | K L M N o P Q R 5
;] P..Pagevlews Unigue Page Avg. Time or Entrances  Bounce Rate % Exit Page Value Rolling Mear Rolling Median
2 'm 66000 54577 121.93 6183 78.94% 34.42% 1.30
Iim 30926 25153 52.77 18157 76.67% 54.93% 0.62
4 'm 20275 17684 87.54 7540 95.28% 51.11% 1.28
5 m 17844 14948 85.44 6612 92.48% 49.01% 1347 3376125
6 m 16217 13414 65.46 6576 92.41% 49.44% 0737 213155
7 ol 13635 11048 122.39 1232 79.63% 34.23% 1197 16992.75
8 hi 8322 6918 122.20 751 80.83% 35.94% 1387  14004.5
9 ol 7574 5475 75.96 3140 67.08% 44.98% 0747 114377 170305
10 ol 7262 5748 124.61 587 75.21% 31.88% 2017 9198257 14926 )
11 ol 4787 3372 61.75 269  68.15%  19.74% 149”7 6986.25"7 109785 Chart Title
12 ke 3955 3272 127.66 368 77.45% 35.90% 190”7 s58945" 7948 70040
13 ke 3671 3098 74.02 2595 76.69% 66.00% 0277 4918757 7418 60000
14 ol 3412 2254 58.92 188 68.09% 17.23% 3247 3956257 60245 50000
15 m 2888 2721 72.76 1955 98.62% 74.55% 0237 348157 4371 p—
16 ol 2820 2330 88.18 134 70.15% 27.23% 1427 3197757 3813 —
17 ke 2585 2077 48.63 1625 69.29% 56.44% 1337 2926257 35415
18 ke 2481 1947 74.26 1370 70.73% 54.57% 106" 269357 3150 ks
19 ol 2267 1633 95.80 179 72.63% 26.11% 461" 2538257 2854 1000
20 ol 2209 1732 45,69 143 44.06% 16.07% 1557 238557 27025 0 ———— —
21 m 2178 1750 120,53 170  7870%  33.33% 2357 2283757 2533 AR R R RS A ARS RN ABANNRREER
22 m 2153 1958 70.14 957 96.87% 57.08% 0.44' 2201.75' 2374 —Pageviews  e—folling Mean e Rolling Median
23 'm 2092 2020 43,09 1637 99,14% 80.59% 0127 21587 2238
24 ke 1871 1209 63.32 1132 40.72% 40.89% 1307 207357 21935
25 hi 1499 1240 102.26 101 71.29% 28.55% 2757 1903757 21655
26 ol 1410 1154 96.50 51 66.67% 23.97% 379" 17187 21225
27 |hi 1338 1055 45,31 95 35.79% 16.44% 3317 15295”19815
28 'm 1314 946 26.70 33 66.67% 14.69% 0657 1390.257 1685
29 hi 1295 1019 85.37 86 61.63% 23.32% 3107 1339257 14545
30 |sc 1163 962 119.41 95 75.79% 33.71% 2027 127757 1374
31 ol 1052 816 48.31 77 38.96% 14.64% 369" 1206" 1326
32 s 984 735 60.97 56 83.93% 17.78% 2827 112357 13045
33 hi 959 736 61.08 61 68.85% 21.27% 0677 10395” 1229
34 'm 908 611 93.97 76 73.68% 26.21% 1597 975757 11075
35 |s¢ 726 502 88.33 47 63.83% 25.21% 3177 894257 1018
36 m 675 513 57.52 39 69.23% 18.52% 0717 817" 9715
Summary Dataset1 Dataset2 +

Q trustinsights
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= IBM Watson Studio

My Projects ; DOCPLEXTest ; Example Modeler
Q = b o+ B u ] o
oV, Import M
53= Record Operations v
| Field Operations v
lalz Graphs v

@ Modeling v
E Outputs A

| |
E Table ‘.*

moo v, Auto Nu...
E Matrix
Analysis -
n *
Data Audit olnd

Data Asset Type Auto Dat...
Transform chers
Statistics
Means Random ...

Analysis
Report

;;a Set Globals

Iil Export v
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& scannerstatuscheck.R &l fasttextnewsexplorer.R — ] Environment = History  Connections — =

N7

<3 AR @ SourceonSave | ® ¢ . B E Run E» Source ~ = & [ E Import Dataset v =list- C~
128 ' | Global Environment ~ Q
} ) ; get_handles function (x) | |
'3 get_tags function (x) | |
132 megatermdf « get.all.sentiment  function (textdf) | |
133 data.frame(term = character(), get.collocation function (tokensin, targetword) | |
134 relevance = double(), get.tokens function (corpus, dictfile, stopfile) | |
* sourceterm = character()) LinearizeNestedList function (NList, LinearizeDataFrames = FALSE, NameS.. I
wesaltpitrile el bastelcategory b, Nl ) make.idf funct%on (tokens, dictfile, stopfile) 8
» make.tf function (tokens, dictfile, stopfile) | |
139 « for (term in targetterms) { nextweekday function (date, wday) | |
nndf < as.data.frame(get_nn(model, term, 50)) quotemeta function (string) a
141 removeWords function (str, stopwords) | |
142 nndf < setDT(nndf, keep.rownames = TRUE)[] topicmodels2LDAvis function (x, ...) =
colnames(nndf)[1] «
144 colnames(nndf)[2] « "1 Files Plots Packages Help Viewer =[]
' + x -
AhdfSsolrcetorn b term +5 New Folder = %J] Delete [EE§ Rename = ¥' More C
@ A Home > code > contentexporter [ R |
outputfile « paste(category, , term, v', sep = "") Name Size ¥ Modified
149 = @mm Cspadarray.csv / KB UCT £1, ZULY, LUDD AM
150 megatermdf ¢« rbind(megatermdf, nndf[, 1:3, drop = FALSE]) [ I ] cptopics.php 14.2 KB Oct 14, 2019, 10:19 AM
144:35 # (Untitled) = R Script = [ ] . .php_cs.cache 875 B Oct 14, 2019, 10:16 AM
Console  Jobs - [ ] ﬁ fasttextnewsexplorer.R 3.2 KB Oct 1, 2019, 2:44 PM
~/code/contentexporter/ = ® e & majortextfunctions.r 11.6 KB Sep 7, 2019, 9:15 PM
> [ ] E marchnewsexporter.R 3.5 KB Jul 25, 2019, 11:02 AM
> postdf ¢« dbxSelect(dbxcon, post r %>%
po X ej {dtxcenig query! a8 ﬁ tinewsexport-ownedonly.R 3.4 KB Jul 24, 2019, 10:08 AM
+ clean_names() %>%
+ distinct() [ ] B tinewsletterexporter.R 1.9 KB Jul 17, 2019, 10:55 AM
2 ® B contentexport.R 4.4 KB May 31, 2019, 11:54 AM
>
R, .
> HHHH R R ® A 6r L. T e L 2
> # fastrtext [ ] - btiadarray.txt 3.8 KB May 2, 2019, 1:26 PM
> HUHBHHBHAHHHHHHHHBH BB R B H BB RBRBHBHTH [ ] n sentimentscanner.r 1.4 KB Jun 6, 2018, 1:38 PM
>
R, H H 5
e ® D iinearizer 5.8 KB Jun 6, 2018, 12:28 PM
+ clean.text(stri_trans_general(postdf$contentraw, "Latin-ASCII")) @ ™ Rrproj.user
@ B exports
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Comprehensive, simplified
& all-in-one environment



Beginner Tools for Marketing Data Science
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Intermediate Tools for Marketing Data Science
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Advanced Tools for Marketing Data Science
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o <- as.hZ2o(blendeddt)

t_h20 <-
o.splitFrame(dfh2o, c(@.5999999999, 0.2, 0.2), seed = 1234)

n_conv_h2o0 <- h2o.assign(split_h2o[[1]], "train") # 60%
d_conv_h20 <- h2o.assign(split_h2o0[[2]], "valid") # 20%
_conv_h20 <- h2o.assign(split_h2o[[3]], "test") # 20%

Vital Soft Skills for Data Science

alidate model firlst

ml_hZ2o_models <- hZ2o.automl(

= predictors,

= target,

aining_frame = train_conv_h2o,
aderboard_frame = valid_conv_h2o
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o <- as.hZ2o(blendeddt)

t_h20 <-
o.splitFrame(dfh2o, c(@.5999999999, 0.2, 0.2), seed = 1234)

n_conv_h2o0 <- h2o.assign(split_h2o[[1]], "train") # 60%
d_conv_h20 <- h2o.assign(split_h2o0[[2]], "valid") # 20%
_conv_h20 <- h2o.assign(split_h2o[[3]], "test") # 20%

The Data Science Lifecycle

alidate model firlst

ml_hZ2o_models <- hZ2o.automl(

= predictors,

= target,

aining_frame = train_conv_h2o,
aderboard_frame = valid_conv_h2o



The Data Science Lifecycle
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o <- as.hZ2o(blendeddt)

t_h20 <-
o.splitFrame(dfh2o, c(@.5999999999, 0.2, 0.2), seed = 1234)

n_conv_h2o0 <- h2o.assign(split_h2o[[1]], "train") # 60%
d_conv_h20 <- h2o.assign(split_h2o0[[2]], "valid") # 20%
_conv_h20 <- h2o.assign(split_h2o[[3]], "test") # 20%

How To Get Started

alidate model firlst

ml_hZ2o_models <- hZ2o.automl(

= predictors,

= target,

aining_frame = train_conv_h2o,
aderboard_frame = valid_conv_h2o



@ trustinsights @cspenn | @Trustinsights | WhereCanlGetTheSlides.com



&5/ trust @cspenn | @Trustlnsights | WhereCanlGetTheSlides.com



Data Science Team

Stats & Math Expert Scientist

;&
Data Engineer Business Expert

Domain Expert
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Meaningful insights
from data using the
scientific method
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Where can you get the slides?

WhereCanlGetTheSlides.com
AlforMarketersBook.com

This is my card. Take a picture, save a tree.

cspenn@Trustinsights.ai
www. Trustinsights.ai
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