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The first step toward becoming a data-driven operation
is that its role holders must reach a clear, implementable
understanding of data-drivenness and how to get there.

The purpose of the session is to
be that first step.
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“Payload” approach to the session:

The presentation is formed as what | call a “payload-style,” defined as one
formed to deliver, within limited allowed time, the full scope of information such
that when you leave you will “know what to do.”

The criteria characteristics of a payload-type presentation are as follows:

» Introduces “all”—rather than “pieces” —that you “must know that you
must know? for reaching data-drivenness.

» For every “must know,” map to “hands-on” instructions for self-directed
learners.

» Non-expert attendees can, in turn, disperse the “know what to do” across their
own organizations by emulating the presentation.
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The collection of sessions are structured e Siper Tabies trom Operationa bote
as a framework, expanded by specifics

“R" in Action: A hands-on Example {to be developed)
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You don’t need to be a data scientist

The Framework for Data-Driven Operations

Modeled Insight Delivered by Analytic Models

Five new-age questions to ask of data-driven operations

A Clear, Implementable Understanding

Rechart Operational Processes to be Data-Driven
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The straight line from data to competitiveness
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Project Plan for Implementation at the Grassroots

Stages, steps, tasks and deliverables

All sets are available to download under
the “Training Sessions” tab of the website e —
https:/analytics4strategy.com/
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Agenda:

O The big picture of data-driven operations.

» Definition and depiction of a data-driven operation.
» Cost-free “Critical-Mass” strategy for reaching data-drivenness.
» Essential definitions.
O Structure of methodologies.
» “R”—as the analytic core of data-driven capability.
» Gather and join subtables to form and cleanse super tables.
» Layered charting in contrast to conventional charting.
» Types of Insight Deliverables.
J Generalized implementation plan.

O Library of reference papers, presentations and texts.
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Data-driven defined:

A “Data-driven” operation is defined as one that harnesses its

operational data to augment the experience and judgement of
its operatives, managers, analysts and engineers as they plan,

organize, conduct and control their processes.
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What that looks like: An organization simply improves its processes to include all augmenting “insight
deliverables” that will make a difference

At some places along any process, the “best outcomes” can only be realized when experience and
judgement are augmented with “insight deliverables.”

At each such place, a suite of system reports, tables, charts and models is recognized, built and worked
to realize the best of outcomes.
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The previous slide depicted a data-driven operational
process. However, what is depicted is the end-point of
a derivation top-down from how the firm competes
and wins.

The top-down progression is demonstrated in the
context of maintenance operation by the training
slides titled, “Rechart Operational Processes to be
Data-Driven,” at https://analytics4strategy.com/trn-
datadrvnmntcop
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Agenda:

O The big picture of data-driven operations.
» Definition and depiction of a data-driven operation.
» Cost-free “Critical-Mass” strategy for reaching data-drivenness.
» Essential definitions.
O Structure of methodologies.
» “R”—as the analytic core of data-driven capability.
» Gather and join subtables to form and cleanse super tables.
» lLayered charting in contrast to conventional charting.
» Types of Insight Deliverables.

O Generalized implementation plan.
O Library of reference papers, presentations and texts.
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Improvements can be “grassroots” because “critical-mass” for almost all of data-drivenness is
not high-tech or new-tech, but modern-day knowledge, skills and software

> “Critical-mass” is defined as. . .

The threshold set of knowledge, skills and software that must be in place to be fully, effectively and efficiently
data-driven.

> Characteristics of critical-mass:

= Knowledge and skills travel to up-teched and up-scaled strategies.

= Up-teching from critical-mass will not practicably increase the power of the insight that is extracted from the
operation’s data.
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Action at the “Grassroots” is possible because there is a triad of software that we already have “use of” or
“rights to”

Data from process tasks

conducted with Excel. = Pijvot as dashboards.

= Tables and calculations.
= Conventional charts.

Experience and judgement
augmented with a full range
of relevant insight
deliverables.

Data in multiple operating
systems and possibly
multiple data bases.

]

Insight_
deljverableg

Build super tables
from sourced data.

Process step

= Descriptive statistics.
= Layered charts with ggplot2.

Note: = Machine learning and artificial

For each of the triad, there are intelligence based analytics.
many commercial alternatives.
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We can see why there can be action at the grassroots by comparing the triad to lloT-based solutions for
reliability and maintenance as alternative trails to deliver insight deliverables

The grassroot triad entails no infrastructure
beyond what supports normal operations in any
organization.

Asset & Field

—
process gateways
sensors

lloT-based solutions require deep capital and running
cost to build and support a system that must go far
beyond making use of what there is to work with from
normal operations.

Cloud
gateway

|

Streaming
data
processor

l

Data
lake

Over 90 percent of insight
deliverables we can think of
are possible through the triad.

~."_.‘ =TT

,,

DTrack o

v
Data Analytic |
warehouse Software
(proprietary)
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Condition-based maintenance (CBM) and lloT—based CBM must not be mistaken as the whole of data-driven
operations

» Condition-based maintenance (CBM) is a taking data through mobile and fixed sensors, and analyticis revealing
changes to an asset’s performance upstream (potential failure) to the functional failure we are watching for.

» lloT-based CBM automates or makes continual the monitoring, data processing and insight—requiring a great deal
of infrastructure.

» The design issue is whether lloT-based solution is “worth it” for a particular case of CBM that, without
consideration of lloT, has already been found to be technically feasible and worth it?

» The reality is that for non-CBM insight, almost all modeled operational insights are technically feasible, but does
not require an lloT-based solution to get at it.

Note:
There is a distinction between on-condition and condition-based as
one of four ways to seek potential failures to a functional failures.
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Agenda:

L The big picture of data-driven operations.
» Definition and depiction of a data-driven operation.
» Cost-free “Critical-Mass” strategy for reaching data-drivenness.

‘ > Essential definitions.

O Structure of methodologies.
» “R”—as the analytic core of data-driven capability.
» Gather and join subtables to form and cleanse super tables.
» Layered charting in contrast to conventional charting.
» Types of Insight Deliverables.
0 Generalized implementation plan.

O Library of reference papers, presentations and texts.
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Data and big-data are distinctively different with respect to necessity, technology and organizational
abilities

» We tend to think of “big data” in a colloquial sense—thousands or millions of rows seem “BIG” compared to our
personal experience with Excel worksheets.

> “Big data” is the case in which data are massive or unstructured data (streaming sensor data, e-mail, document,
video, photo, audio, webpage).

= Litmus test—the data or analytics of the data cannot be processed on our notebook computers.

= Big data entails high-tech systems, specialized skills and substantial organizational costs.

» However, the data analytics conducted in either arena are the same.

» The data of operational processes rarely entail big data, whereas, LLoT-based solutions typically do.
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We need to set some clarity on machine learning, artificial intelligence and algorithms—using
regression analysis as a frame of reference

> Machine learning takes place when we feed the data of
variables to the set-up regression and its gut algorithm
conducts a trial-and-error calculation until “learning” the
best fit.

» Most often our interest is with the returned coefficients for
each variable and other inferences telling us how much, if
any, the variable plays in predicting the outcome.

> In contrast, Artificial intelligence feeds new data to the
fitted model of coefficients to predict or forecast outcomes

upon the “learned” coefficients. a6 T 10 20 30 0 0
> Al does not distinguish the model—all model types entail Until recently we just called everything
machine learning and most can be deployed as Al. a model—and still should.
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When the model is to extend to be used as Al, the learning process will entail an additional stage

> A portion of the original data set is held out from building the model—e.g., one third—to be a test set.
» The remaining portion is fed to the model for learning.

» The test set is fed to the learned model to evaluate for how accurately the “trained” model estimates or calls
the actual outcome of each case in the test set.

» If accuracy is acceptable to the intended use, model is deployed to make the learned judgement—augment
human judgement.

= Greater than 85 percent is considered as acceptable.

=  Which is why we must always think in terms of “augment” not “supplant” experience and judgement.
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Agenda:

O The big picture of data-driven operations.
» Definition and depiction of a data-driven operation.

» Cost-free “Critical-Mass” strategy for reaching data-drivenness.

» Essential definitions.
O Structure of methodologies.
‘ » “R”—as the analytic core of data-driven capability.
» Gather and join subtables to form and cleanse super tables.
» Layered charting in contrast to conventional charting.
» Types of Insight Deliverables.

O Generalized implementation plan.
O Library of reference papers, presentations and texts.

(CC BY) Richard Lamb 2019

18




“R” is available to download at https://www.r-project.org/ along with a manual in coding, instructions for
download and more

The R Project for Statistical Computing

Getting Started

R is a free software environment for statistical computing and graphics. It compiles and runs on a wide
variety of UNIX platforms, Windows and MacOS. To download R, please choose your preferred CRAN
mirror.

[Home]

YouTube video demonstrating how to Download
download and install R on your computer.

If you have guestions about R like how to download and install the software, or what the license terms

R Project are, please read our answers to frequently asked questions before you send an email.
https://www.youtube.com/watch?v=ym8sz About R

Logo News
N 22| m4 Contributors ) ) : _ _
—_— What's New? = Rversion 3.5.2 (Eggshell Igloo) prerelease versions will appear starting Monday 2018-12-10. Final

Reporting Bugs release is scheduled for Thursday 2018-12-20.

Conferences = The R Foundation Conference Committee has released a call for proposals to host useRI 2020 in

Search North America.

Get Involved: Mailing Lists _ _ o _

Developer Pages » You can now support the R Foundation with a renewable subscription as a supporting member

R Blog « R version 3.5.1 (Feather Spray) has been released on 2018-07-02.

= The R Foundation has been awarded the Personality/Organization of the year 2018 award by the

R Foundation professional association of German market and social researchers.

Foundation
Board News via Twitter
Members
Donors The R Foundation
Donate @_R_Foundation
We welcome @gdequeiroz, @edzerpebesma and
Help With R @henrikbengtsson, elected as ordinary members of
Getting Help the R Foundation in recognition of their services to the
R community.
Documentation Oct 26 2018
Manuals
FAQS & The R Foundation Retweeted
The R Journal useR! 2019
Books 018 @UseR2019_Conf
Certification 17-12-18 ;
Other 01-19 ;
15-02-19 ;
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Aspects of “R” that make it critical-mass to achieving data-drivenness

» Only through analytics can there be descriptive statistics to our data, layered charting, maximal data cleansing
and analytic model.

» For almost every imaginable analytic, there is a package of functions with arguments.
» All packages are accompanied with a full explanation and examples with data.
» Online support is highly evolved and vast—allowing google, copy and paste.

» Texts on data and analytics are plentiful in which “R” is used—relieving you to understand the analytic.
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We do not program (we could), but select functions and set arguments to reflect the nature of the insight
deliverable—just as we do in Excel

Example: In the “stat” package, Im() is a function—linear regression—with its arguments we would variously include
and set to fit the analytic case.

Im(formula, data, subset, weights, na.action, method = "qr",
model = TRUE, x = FALSE, y = FALSE, gr = TRUE,
singular.ok = TRUE, contrasts = NULL, offset, ...)

“Never memorize something

that you can look up.”
Albert Einstein
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What it looks like, the frontend view of the “R” software

Textual results from running
entire script or specific lines

R RGui (64-bit)
File Edit Packages Windows Help

Script that runs the process—from Graphic results from running
pulling in tables to generating results associated lines in the script.

[=l=l= ¥

===
"
Horast 4 Drive 6 232 3.0% 3.215 19.4¢ 1 o 3 1 .
Hornet Sportabout s 360 yfs 3.15 3.440 17.02 0 o 3 2 "R C\Users\user pe\OneDrive - DgfBAnalytic 1\C: DataDri Scatterplot Matrix
> describe (mpgRelation) ## Generaffe table of descriptive statistic 2%n i n
n sd medi mad  min max rang: #% R SLIDES #3fs#dsssgfsssssssdssas 100 300 2 03 4 s
mpg 132 03 18 5.41 10.40 33.%0 23.5 TR T
iy o . 5 2 a7 400 =00 - mpgRelation<— read.yWble ("C:/Users/user pc/CneDrive - DataBnalytic 1/R_Text/R_Z mpg .
disp 3 32 9z 196.30 22252 71.10 472.00 s str (mpgRelation) ##If run, reports number of observations and variables, o
np 432 .56 123.00 141,19 77.10 52.00 335.00 .0 head (mpgRelation, 5) . o i O 85 0.78 0 87 060 L=
drat 5 32 53 3.70 3.5 0.70 2.76 4.93 1] summary (mpgRelation) ##5hows basic statistics of sach variable - - - . &
we & 32z . 3.33  3.15  0.77 1.51 5.42 .3 . . L [
weee 7 32 T6 1mar 17.Es 143 13.25 25.a0 : librazy (psych) ## Loads package for descriptive statistics on data-—dc ]
e o 1 t0 000 0.4 5o0n oo1 100 M describe (mpgRelation)  ## Generate table of descriptive statistic each variabl
2 . . . . . . = -
am s 32 .50 ©0.00 0.38 0.00 0.00 1.00 1.0 1o & disp
gear 10 32 .74 200 3.6z 1 s.00 2.0 i g
o 11 s e ao aes  1a: s aa $# FUNCTION to SCATTERPLOT MATRIX--Only need to run for intial run. e . . 0.59
> $# Pairs() creates scatter plot matr grap - ## to form histogram on the diagnal - e
> pairs(mpg~disp + hp + wt + am,data = mpgRelation, panel.hist <- function(x, ...) ER 5
+ Scatterplot Matrix", diag.panel = { . o
lower.panel = panel.smooth, upper.panel = panel.cor) usr <= par("ust"); on.exit(pas(usz)) I~
par(usr = clusr[l:2], 0, 1.5) ) o g
$# Model the relationship of variables to mpg B <- hist(x, plot = FRLSE) 0.66 oz [ =
 edelRelate 4o imimpe ~ fiep - hm - we - em, date — mpo® breaks <- hébreaks: nB < length(bzeaks) = =]
- . g - ‘ o= _ he R _ o L
> summary (modelRelate) ##Calls formula and significance of variable to mpg ¥ <- hfcounts; y <- y/max(y) % o
zect (breaks[-nB], 0, breaks[-1], ¥, col = "cyan", ...) -8
Call: — : w £ wt
Im(formula = mpg ~ disp + hp + wt + am, data = mpgRelation)
#% FUNCTION to SCATTERPLOT MATRIX-—Only need for initial rum = e
Residuatss #% TO put (absolute) correlations on the upper panels, .- g0 0.69
Min 10 Median 30 Max #% with size proportional to the correlations. « o
34580 -1.6800 -0.3708 1.1301 5.50i1 panel.cor <- function(x, y, digits = 2, prefix = "", cex.cor, ...) T
t T om0 oo =3 T o ) CREE] ELED -
cosricienta: wsT <- par("usz"); on.exit (part(ust)) am [ =
nes: z 2
Estimate Std. Error t value Pr(>|t]) par(usr = c(0, 1, 0, 1)) / L
(Intercept) 34.209443  2.822826 12.119 1 r <- abs(gor(x, ¥)) . .
s e tat <- foxmat(c(z, 0.123456729), digits = digits)[1]
np -0.039323  0.012434 -3.163 5 txt <- pastel(prefix, txt) w2 e
Wt -3.046747 1.157119 -2.633 x if (missing(cex.cor)) cCex.cor <- Q.S/SEIUldEh[ExEJ L T T T L
o S leez7i  1.assive  1.coe tewc (0.5, 0.5, txt, cex = cex.cor * r) 0 2 W S0 150 250 00 04
- )
Signif. codes: 0 ‘#*r’ 0,001 ***7 0.01 ‘*f 0,05 '.f 0.1 '’ 1
## Pairs() creates scatter plot matrix--see graphics window
5 2 pairs (mpg~disp + hp + Wt + am data - mpgRelatienm,

Residual standard error: 2.581 on 27 degress of freedom
Multiple R-squared: 0.8402, Adjusted R-squared: 0.8166
F-statistic: 35.5 on 4 and 27 DF, p-valus: 2.18le-10

main = "Scatterplot Matrix", diag.panel = panel.hist,
lower.panel = panel.smooth, upper.panel = panel.cor)

## Model the relationship of variables to mpg
modelRelate <- Ilm(mpg ~ disp + hp + wt + am, data = mpgRelation)

> confint (modelRelate) ##Calls confidence interval on the coeficient]

(Intercept) 23.417"55: qo_ooiééilf summary (modslRelate) ##Calls formula and significance of varisble ToO mpg

aisp o 01850210 0.02378081 confint (modelRelate) $#Calls confidence interval on the coeficients

np -0.06483481 —0.01381162

Wt -5.42095872 -0.67253428

am -0.78546645 5.10400792 v
. — < >

(CC BY) Richard Lamb 201




How-to guidance for “R”

Knowledge and skills Texts, papers and session slides

Download software = Website: Download at https://r-project.org
= YouTube: How to install https://www.youtube.com/watch?v=ym8szN2Zim4

Coding—general = R for Data Science, Grolemund, Wickham, 2017. Free E-Book
https://r4ds.had.co.nz/index.html

= R for Dummies, de Vries, Meys, 2015.
= Art of Programing R, Matloff, 2011.

Coding in context of conducting = Discovering Statistics Using R, Field and Miles, 2012

analytics (1) = Multilevel Modeling Using R, Holmes, 2014
® Introductory Time Series with R, Cowpertwait and Metcalfe, 2009
= Event History Analytics with R, Bostrom, 2012
= Machine Learning with R, Lantz, 2015

(1)
“Coding in context” is defined as, while explaining and building specific analytics, “R” coding to set up the
analytic is explained in parallel.
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The purpose of the section was to introduce “R” within
the framework of data-driven operations.

A hands-on explanation of “R” as the training slides
titled, “R in Action; Hands-On,” is available to

download at https://analytics4strategy.com/trn-
rhandson

(CC BY) Richard Lamb 2019
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Agenda:

L The big picture of data-driven operations.
» Definition and depiction of a data-driven operation.
» Cost-free “Critical-Mass” strategy for reaching data-drivenness.
» Essential definitions.

O Structure of methodologies.
» “R”—as the analytic core of data-driven capability.

‘ » Gather and join subtables to form and cleanse super tables.

» Layered charting in contrast to conventional charting.
» Types of Insight Deliverables.

L Generalized implementation plan.

L Library of reference papers, presentations and texts.
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This section is an overview of what super tables are
and how they are built within the framework of data-
driven operations.

A deep-dive explanation of building super tables is
available as the training slides titled, “Build Super
Tables from Operational Data,” at
https://analytics4strategy.com/train-builddatatables

(CC BY) Richard Lamb 2019
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There are three enabling realities to building super tables

» Almost all operating systems allow their data to be extracted in table format as a standard report.

When not, the IT data specialists can give us an on-demand tool to do so.

» Individual data tables from any one or more systems or sources can be joined into one table by any identifying
variable they have in common.

Only the data type (e.g., numeric, character) must match or be transformed to match.

» Bad data is rarely a deal killer: Methods to “Cleanse” the data usually neutralize the flaws.
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In a nutshell: We extract topic-specific data from sources and fabricate a super table as required to build one
or more intended insight deliverables

& =

— —

499
499
499
499

(DL

COrde @

:ggE Display PM orders: List of Orders

500C 7 8l B 2 F S Iy B order [E Operations | & [T

B0O0C

600C Order Order type | Short text
6000951375 MX01 T970- VEH59996 -PM LUBE

TEEL 5000946700 MX03 MC-LOMD-43 L.R. LANE 2 SPOUT IS CLAMPED

600C 5000977049 | OPO2 2012 HSSE Hourly Time Worked

600C 6000872326 |OPD2 2011 HSSE Hourly Time Worked

ROOC 6000900224 MX06 Rotating Equipment Pre-Comm Support

EE 6000972901 MX09 Purple Fence Access Control at SBUZ2
6000932338 MX06 IP-4952: RDS Engineering work Define Ph.
6000932340 MX06 IP-4852 RDS E&I Designrs work Define Ph.
AOO0AR8945 ME0R A0R9 - ROS Fnaineering
[ [ [« ]

(][> | | [« ][]

No one table has all needed variables
to the envisioned insight deliverables.

70160 6000707049: MA-DCU-PUB818 Install max impeller & 15h
70160 6000707049: MA-DCU-PU8818 Install max impeller & 15h
70160 6000707049: MA-DCU-PU8818 Install max impeller & 15h
70160 6000707049: MA-DCU-PU8B18 Install max impeller & 15h
70160 6000707049: MA-DCU-PU8818 Install max impeller & 15h
70160 6000812732: MC-DCU-Pull/Repair Dump Reg. on Jet Pump
70160 6000812732: MC-DCU-Pull/Repair Dump Reg. on Jet Pump
70160 6000860441: MC-buff Tk1830 to add nozzles

70160 6000860441: MC-buff Tk1830 to add nozzles

70160 6000915285: MC-DCU-Bridge Crane AC unit installation
70160 6000915285: MC-DCU-Bridge Crane AC unit installation
70160 6000915285: MC-DCU-Bridge Crane AC unit installation
70160 6000926113: EL-DCU-MOV open/close switch replacement
70160 6000926113: EL-DCU-MOV open/close switch replacement
70160 6000929188: IM-DCU-35304 tensionometer no indication
70160 6000929188: IM-DCU-35304 tensionometer no indication
70160 6000937432 MA-DCU-Pug871seal leaking

70160 A0NNA37432: MA-DCLI-PuRR71seal leaking

180; DCU PUBB18-JSA & INSTALL PUMP

30; DCU PU8818-J5A & LO/TO MOTOR

60; DCU PUBB18-OPERATION TO ENERGIZE MOTOR
80; DCU PU8818-LO/TO MOTOR

80; DCU PU8B18-LO/TO MOTOR

40; DCU-Repair Dump Reg-INSTALL

50; DCU-Repair Dump Reg-RECONNECT

27; DCU-TK1830-CENTER PUNCH AND BUFF AREAS O
27; DCU-TK1830-CENTER PUNCH AND BUFF AREAS O
70; Crane to assist Electricians

70; Crane to assist Electricians

90; Motiva Inspector

70; EL-DCU-MOV open/close switch replacement

70; EL-DCU-MOV open/close switch replacement

20; M-DCU-35304 tensionometer no indication

20; M-DCU-35304 tensionometer no indication

130; DCU PU8B71- INSTALL PUMP

130: DCLI PLIRR71- INSTAILL PLIMP

Proactive
Proactive
Proactive
Proactive
Proactive
Reactive
Reactive
Proactive
Proactive
Reactive
Reactive
Reactive
Reactive
Reactive
Reactive
Reactive
Reactive

Reactive

> The “super table” does not, cannot and
never will exist in any one operating system.

» Building the super table in Excel is too
laborious to be practical.
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Building a super table from sub-tables follows a standard path

Step 1: Step 2: Step 3: Step 4:
Identify — Extract tables — Import or connect — Build super table —
relevant from source source tables into with query
tables systems a query software functionality
Step 5: Step 6: Step 7:
|, Explore, — Build aggregate — Administer, update and
— cleanse variables into upgrade, and
the data super table disseminate super table

MS Access, of the triad, will be used
to overview the charted process
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With a query, the subtables are joined by the variables they have in common; creating a huge table with all
the shown imported variables

File Home  Create External Data Database Tools  Add-ins Design % Tell me what you want to do
F'; ' @ : _‘ +'| /0' == ')( @D Union o= 2o insert Rows nsert Colur E . = (=] Property She
1 | 4 . | ] 7
— . S 4 =0 == {0 Pass-Through "" ¢ ¢ ] ™ Table Names
View = Rum Select Make Append Update Crosstab Delete Show - Totals Parameters
= Table B Data Definition  Typje ¢ =0 Return: All -
Results Query June . Query Setup Show/Hide
: F oo o~ Given name
All Access ... @ « | averafsToordersteps
Search.. jo
tbllW39_WaorkOrders 1
- . Char thiIW47 _Crafts tbiCraftMasterTable
Tables 2 - . tblIW49_OrderSteps .
* - - s
B tbicraftmasterTable i -
Tables pulled into access, but . e %0 %0 ™
B3 toiwss_workOrders T Order confirmation [— EmpiNo
could have been connected to ™ et i conson || o e
j tblIW4T_Crafts Short text Operation Operation CraftSubType
Priory short text Order type CraftType
source. B3 tbiwas Ordersteps Priority2
Work center ActType (act) ResourceGrp
Bl wisaphaoreovmeType Resp cost cntr Work Actual work HRPositionTile
- - MaintActivType Actual work FunctLocation Level -
ueries User statu
A ser status Activity type Employee(s)
@ gryCraftsToOrdersteps System status vendor Personnel no ]
Entered by Actfinish date
Planner group Posting date
Cost center Planner group - -
FunctLocation tbiSapMxToMxMntcType work ctr (act) jOIned by CI|Ck
Total plan cost | . 1
Total actcosts -
| v and drag
Asset
Order Type
work center
MntcType
Created on
SapDescription
Actual release
Actual start
Main WorkCtr

(CC BY) Richard Lamb 2019




The super table is built in the design grid and along the way flipping back and forth between the “Design”
and “Table” view to confirm we are getting what is intended and for discovery

Created on T
SapDescription
Actual release

Actual start

B~ Cost center

tblIW39_WorkC tblIW39_WorkO

70208 Or 70864

OrderMNoText: [t StepNoText: [tb MntcType

tblSapMxToMxt tbiCraftMasterT: tbllW47 _Crafts tbllW47_Crafts

Ascending

"Prevent” Or "Pr

CraftType

Hours: Actual we DateComplete: s DaysAftrCreatd:

Between #1/1/2

File Home Create External Data Database Tools  Add-ins Help Q Tell me what you want to do
4| Ascending Y Selection - m 2 Totals p Calibr g B
T Copy " %l Descending 7] Advanced - = > GoTo~
Filter Refresh _ e Find . |'B 70|l A-~ - 4- B.
All = + More ~ Ly Select — —
Views Clipboard Sort & Filter Records Find Text Formatting ~
. . Custom @ « | "5 qryCraftsToOrderSteps x
Vlew Icon ek User status ~ Cost center « OrderNoText - StepNoText * MntcType -~ CraftType - Hours « DateCompl «
= o 70428 6000956079: 7970-FCCU-# 10; AT8353-Chk Sample Sys/Rt Prevent Instrument 4 1/:
SupexTabies & 21 Imeme 70428 6000956079: 7970-FCCU-/ 10; AT8353-Chk Sample Sys/Rt Prevent Instrument 4 1/:
'3:’-] ar TCMP 70428 6000958078: 7970-FCCU-£ 10; Calibrate AT1496-02 analy Prevent Instrument 3 1/:
.f; ar TCMP 70428 6000958078: 7970-FCCU-# 10; Calibrate AT1496-02 analy Prevent Instrument 3 1/
OutlierExample ¥ TCMP 70428 6000958076: 7970-FCCU-/ 10; Calibrate AT3054-02 analy Prevent Instrument 2 1/
ClassifyOrders a TCMP 70428 6000958076: 7970-FCCU-# 10; Calibrate AT3054-02 analy Prevent Instrument 2 1/:
WG58 tbicCtassCritFirst TCMP 70428 6000958077: 7970-FCCU-£ 10; Calibrate AT3688-02 analy Prevent Instrument 2 1/:
-'.—; o TCMP 70428 6000958077: 7970-FCCU-# 10; Calibrate AT3688-02 analy Prevent Instrument 2 1/
TCMP 70428 6000958075: 7970-FCCU-# 10; Calibrate AT8275-02 analy Prevent Instrument 2 1/
L3 gryClassCritst TCMP 70428 6000958075: 7970-FCCU-/ 10; Calibrate AT8275-02 analy Prevent Instrument 2 1/:
»3 qyDistributionOrders MCMP 70160 6000952857: 7970-DCU FZ 10; DCU FZGO FILTER #2- PM | Prevent MultCraft 4.5 1/:
MCMP 70160 6000959380: 7970-DCU-FI 10; DCU MEXFOO17N-REVIEW Prevent Electrician 1 1/:
TCMP 70160 6000972812: EL-DCU-Safe 10; EL-DCU-Safety-Cov. mis. w Reactive Electrician 5 1/:
MCMP WOPR 70428 6000974571: MA-FCCU-Pu 10; FCCU PUMP 6446 HAS HIG Reactive Machinist 7 1/:
MCMP WOPR 70428 6000974571: MA-FCCU-Pu 10; FCCU PUMP 6446 HAS HIG Reactive Machinist 7 1/:
MedianinstrPrvent ¥ MCMP WOPR 70428 6000974571: MA-FCCU-Pu 10; FCCU PUMP 6446 HAS HIG Reactive Machinist 4 1/:
CrossTab ¥ MCMP WOPR 70428 6000974571: MA-FCCLI-Pu 10: FCCLL PUMP 6446 HAS HIG Reactive Machinist 4 1/
BaseTablesQueries ¥ | v ||Record: M 10f149  » M No Filter ~ Search ‘ ’
Reary - Num | ark =] bs
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A powerful functionality is to build aggregations into the supper table to create calculated variables upon
grouped summaries such as counts, sums, averages, spread, extremes and first-last

Clicking the icon adds

=T ) Union | — £c Insert Rows  “1"Insert Columns = = Property Shee the ”TotaI” row Of the
b : )
— YN\ & pass-T ' Delete Col - able Names o
# Crosstab Delete ass-Thraugh Show .K Deteteliows | & Delete Columns Totals Prameters = query grld-
EL Data Definition Tgpye .- Builder I8 Return: All
uery Type Query Setup Show/Hide
| ? qryOutlierObservedHrs i
Group Byl i
tbllW39_WorkOrders thiIW49_OrderSteps tbllW47 _Crafts tbiCraftMasterTable Group By i
® - . N ~ - — . r
7D %o 7D 70 L:-: 3
Order S Order f Confirmation EmplNo -
Order type Confirmation Order Count
Short text —\ Operation Operation StDey
PriciFity ) ok e, ) Order type Var
1 First
N - - - Last
. Ex
Field: |User status Cost center Order MntcType Dbs;tzéiz Actuz W:::mn
Table: [tblIW39 WorkQ tbllw39 WorkQ tblIW39 WorkQ tblSapMxToMx! tblIWA7 Crafts
Total: |Group By Group By Group By Group By Sum Select alternatives to
SOmt Ascending Ascending the default ”Group By”
Show
Criteria: |"TCMP" 70208 Or 70864 "Prevent” Or "Re >0
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Bring the query into Excel Table or Pivot by clicking the Excel “Get Data” button and following the path to
select the query from Access—regardless of destination software there is a path

Home Insert

Navigator

B Le ‘
D @ Select multiple items

qryCraftsToOrdersteps R The super table will appear
in Excel for immediate use.

User status Cost center OrderNoText

Display Options ~ MCMP 70428 | 6000956079: 7970-FCCU-ATB353 Chromatograph Calib.
0 From From T MCMP 70428 60D0S56079: 7970-FCCU-ATE3SS Ch naio. ™
. N H = romatogral alib.
4 W Tm _BldSprTblsacedb [27] eree
Weh Ran _ TCMP 70428 60D0S5B078: 7970-FCCU-AT1495-02 Analyzer
| AggCstC
o : O] qryAggCstCr TCMe 70428 6000S58078: 7970-FCCU-AT1495-02 Analyzer Book] - Excel ichard lamb B
rans P qryAggldCrit :
T1 aryAgg TCMe 70428 6000S58076: 7970-FCCU-ATI054-02 Analyzer Review  View  Developer  Addns  Help  JMP ) Tell mewhatyouwanttodo
] gryCalcMedianlnstrPrvt TCMP 70428 6000858076: 7970-FCCU-AT3054-02 Analyzer
: o Y ENE e - 2 Wrap Text General - ': = ;} ERinet - | 3 - Ay p
Al - 5y gryClassCritFrst TCMP 70428 6000S5B077: 7970-FCCU-AT3688-02 Analyzer g - 2 N
— Paste <o 01 Conditional Formatas Cell Sort & Find &
= TCMP 70428 6000S58077: 7970-FCCU-AT3688-02 Anal B I U-|&- Merge & Center - - % ¢ =
™ qryCraftsToOrderSteps natyzer - ¥ Rt « | "% Formatting = Table~ Styles- 50 Famats & < e o Select -
TCMP 70428 B000958075: 7970-FCCU-ATB275-02 Analyzer Clipboard Font 5 Alignment 5 HNumber 5 Styles Cells Editing
A B TCMP 70428 E000S58075: 7970-FCCU-ATE275-02 Analyzer e 5
| ‘01 qryDistributionOrders ciip 70160/ 6000252857: 7970-DCU FZGO FILTER #2 PM
B qryMedianinstePrvt 70160 6000959380: 7970-DCU-FNEXFO17N-ANNUAL INSPECTIO 2 : < .
1 _ - [l User status B Cost center B orderNoText B stepNoText CraftType
| ] 1 qryMedianMultCrit TCMP 70160 B000572812: EL-DCU-Safety-CPlate missi wires exposed 2 |McmP 70428 6000956079: 7970-FCCU-ATA353 Chromatograph Calib. 10; AT8353-Chk Sample Sys/Run Chromatogram Prevent Instrument
2 ’-—_ qryMedianMultiCraftReactive MCMP WO! 70428 6000974571: MA-FCCU-PuB446 HAS HIGH VIB. AT PUMP 3 |MCMP 70428 6000956079: 7970-FCCU-AT8353 Chromatograph Calib. 10; AT8353-Chk Sample Sys/Run Chromatogram Prevent Instrument
o . MCMIP WOPR 70425 | 6000974571 MA-F-OCU-PUGHE5 HAS HIGH VIB. AT PUMP 4 [Tcmp 70428 6000958078: 7970-FCCU-AT1496-02 Analyzer 10; Calibrate AT1496-02 anzlyzer Prevent  Instrument
™ qryMedianZScore 5 |TCMP 70428 6000958078: 7970-FCCU-AT1496-02 Analyzer 10; Calibrate AT1496-02 analyzer Prevent Instrument
_ ) MCMP WOPR 70428 BOODST4571: MA-FCCU-PUB446 HAS HIGH VIB. AT PUMP 6 |TCMP 70428 6000958076 7970-FCCU-AT3054-02 Analyzer 10; Calibrate AT3054-02 analyzer Prevent Instrument
00 gryMedianZScorelnstrPrvt MCMP WORR 70428 BO0DSTASTL: MA-FCCU-BUBS4E HAS HIGH VIS, AT BUNE 7 [Temp 70422 6000958076: 7970-FCCU-AT3054-02 Analyzer 10; Calibrate AT3054-02 analyzer Prevent Instrument
B qryOrderLeadCraft MM WOPR 70425 | 6000874571 MAFOCU-Pusaas HAS HIGH VIB. AT PUMP 8 [Tcmp 70428 6000958077: 7970-FCCU-AT3683-02 Analyzer 10; Calibrate AT3688-02 analyzer Prevent Instrument
_ 9 |TcMP 70428 6000958077: 7970-FCCU-AT3688-02 Analyzer 10; Calibrate AT3688-02 analyzer Prevent  Instrument
™1 qryOutlierFactor MCMP WOPR 128 6000874571: MA-FCCU-PuB446 HAS HIGH VIB. AT PUMP 10 |[TCMP 70428 6000958075: 7970-FCCU-ATB275-02 Analyzer 10; Calibrate AT8275-02 analyzer Prevent Instrument
B aryOutlierFactorcrat MCMP WOPR 000974571 MA-FCCU-PUG436 HAS HIGH VIB. AT PUMP 11 [Temp 70428 6000958075: 7970-FCCU-ATB275-02 Analyzer 10; Calibrate AT8275-02 analyzer Prevent Instrument
I MCMP WOPR 074571 MAFCCU-PUSA4S HAS HIGH VIB. AT PUMP 12 [mcmp 70160 6000952857: 7970-DCU FZGO FILTER #2 PM 10; DCU FZGO FILTER #2- PM INSPECTION/CLEAN __ Prevent  MuliCraft
B qryOutlierObservedHrs : - 13 [mcmp 70160 6000959380: 7970-DCU-FNEXFO17N-ANNUAL INSPECTION  10; DCU MEXFOD17N-REVIEW JSA & DROP TLEAD  Prevent i
— i MCMP WOPR 571: MA-FCCU-PuB446 HAS HIGH VIB. AT PUMP 14 |[TCMP 70160 6000972812: EL-DCU-Safety-CPlate missi wires exposed 10; EL-DCU-Safety-Cov. mis. wires exp. SeelT Reactive
1 qryQutlierObservedHrs_ Exprihere MCIMP WOPR 70428 50009743NG MA-FCCU-PUBA46 HAS HIGH VIB. AT PUMP 15 |MCMP WOPR 70428 6000974571: MA-FCCU-PU6446 HAS HIGH VIB. ATPUMP END  10; FCCU PUMP 6446 HAS HIGH VIB, ATPUMPEND  Reactive
T qryOutlierObservedHrsCrit < > 16 [McMP wopR 70428 6000974571: MA-FCCU-Pu6446 HAS HIGH VIB. ATPUMP END 10; FCCU PUMP 6446 HAS HIGH VIB. ATPUMP END _ Reactive
17 | mct FCCU-Pu6446 HAS HIGH VIB. AT PUMP END _ 10; FCCU PUMP 6446 HAS HIGH VIB. ATPUMPEND  Reactive  Machinist
P ‘ qryCraftsToOr: F ‘ € 4
Load |~ ancel

Note: Could have connected to the
super table rather than extracted,
allowing refresh functionality.

Get data >> From Data Base >> From Microsoft Access
Database >> select File >> Select table from list >> click Load
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The partnership of Access and “R”

> At times we must take data beyond what SQL, thus, N
Access can do. A ———
SlUHoDIE
!
» When more is needed the Access-built table or raw NS | S
data can be pulled into “R” and powered up. rdet Sparvabeet S1.3 3 33 318 333 2040 3%.03 3

> Specialized tables that generate in the process of - | S 3 500 e ceene i aesier 71 evnios 4o
running an analytic in “R” can be exported to Access Bl A e e A e e e ekl
and joined with super tables. [ 32 o4 o8 000 sa s00 000 100 1o o3¢ et
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There are five types of bad data—the good news is that there are methods to deal with each

Duplicate cases Seek cases with duplicate query—see YouTube explanation (https://www.youtube.com/watch?v=DPvJOWv6ENtc).

Empty cells Use analytic models applied to good cases to predict or classify what should-be versus what-is.

Misclassifications Likely models are regressions (linear, logistic, Poisson), trees and K-Means. (1)

Misformatted Build translation tables for each bad-data case to a variable.

Attach to super tables and use translated, rather than source dirty variable.

Outliers (numerical) = Use aggregate functionality to build an outlier test variable into the super table.

Utilize regressions to identify cases that would not have been predicted or have excessive influence on the
model.

(1) See papers, “Find What Matters With Relationship Questions Of Operations” (https://analytics4strategy.com/relatgstoci) and
“Dive Below The Surface With Apparency Questions” (https://analytics4strategy.com/apprgsblwfnctng) .
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Another advantage of Access is that there is an immense support community

Chapters 8 through 13 explain everything there
is to know about building super tables.

GO gle append query access s Q

On line, there are YouTube videos, blogs " _
Access 2016 and articles to everything Access. —

14:08

How To Make An Creating an Append Microsoft Access How >
Append Query In Query in Microsoft to Use the Append
Examples of expressions e
Access for Office 365, Access 2019, Access 2016, Access 2013, Access 2070, Access 2007 Keith Aul TrainSignal is now Pluralsight jargonfreehelp
YouTube - Aug 3, 2016 YouTube - Nov 17,2011 YouTube - Dec 31,2013
WILEY S This article provides many examples of expressions in Access. An expression is a combination of
@w‘ GCF mathematical or logical operators, constants, functions, table fields, controls, and properties that evaluates to
a single value. You can use expressions in Access to calculate values, validate data, and set a default value.
Query Criteria Quick Reference Guide In this article
Below, you'll find a guide containing 20 of the most common criteria used in Access queries. While these criteria
are all fairly simple, each one can help you carry out meaningful searches of your data. For a more comprehensive
guide to criteria, consult Microsoft Office’s official Examples of Query Criteria (http://office.microsoft.com/en- Forms and reports https -//Su p po rt \6ffice co m/e n-u S/a rtic I e/exa m p I es_of_
us/access-hel f-query-criterio-HAQ10066611.aspx). 2 = L

When entering the criteria, write them exactly as they are written in the second column, replacing x with your Queries and filters exprESSionS-d 3901611-C04e-4649-b40b-8b6€c53€d41f

search term, or in the case of dates, replacing mm/dd/yyyy with the desired date.

All query and filter expressions

) i ) Text operations Arithmetic operations Date operations
Simple Criteria for All Data Types
Ciiteria Name Write it like T SQL aggregate functions Find missing data Calculated fields with subqueries
Equals X Searches for values equal Match text values Match date criteria Fields with missing data
tox
Does Not Equal Not in (“x”) Searches for all values Match record patterns with Like ~ Match rows with SQL aggregates ~ Match fields with subqueries
Update queries SQL statements

https://media.gcflearnfree.org/ctassets
[topics/177/GCFAccessCriteriaGuide.pdf
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Agenda:

O The big picture of data-driven operations.
» Definition and depiction of a data-driven operation.
» Cost-free “Critical-Mass” strategy for reaching data-drivenness.
» Essential definitions.
O Structure of methodologies.
» “R”—as the analytic core of data-driven capability.
» Gather and join subtables to form and cleanse super tables.

- » Layered charting in contrast to conventional charting.
» Types of Insight deliverables.
O Generalized implementation plan.
O Library of reference papers, presentations and texts.
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Conventional charts have been the staple since they were invented as early as the 1600s—now layered
charting with ggplot2 in R allows perspectives we could not have before

Characteristic

Types limited Unlimited

Number of variables Two Unlimited - T i
Number of perspectives One Unlimited 3: -.-,'
Legends Upon the variable Can be variables

Data points Lose distinction if many Methods to create distinction

H g
PN h
z
N
H N
S
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With this example you can begin to imagine how you would explore the interplay of KPIs—to name one idea

1999 2008

. Notice: The legends are
e variables in their own right.
" : factor(cyl)

C Y E——
— 5

— s In this case:

e K=

30 - &

hy

> Interplay of five variables: highway mileage,
displacement, cylinders, drive and years.

d

LI ]
S

- : ' > Three perspectives are layered on the five

20- - - -
-

: o % e n os variables: cross plot, linear fit and confidence
Pr—asi— g intervals.

displ
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You likely have some ideas for where layered charting could play big in the work tasks you are responsible
for—this will get you there

Work through the first eight chapters while imagining
Hadleymkham what you could do with what is being explained and
| shown along the way—thence, use the text as a cookbook.

BegantGraphksforDataAnalysls

e
'v..hv,' /f:. I,I n

Q) Springer
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Agenda:

 The big picture of data-driven operations.
» Definition and depiction of a data-driven operation.
» Cost-free “Critical-Mass” strategy for reaching data-drivenness.
» Essential definitions.
O Structure of methodologies.
» “R”—as the analytic core of data-driven capability.
» Gather and join subtables to form and cleanse super tables.
» Layered charting in contrast to conventional charting.

‘ > Types of Insight Deliverables.
O Generalized implementation plan.

O Library of reference papers, presentations and texts.
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One or more of four types of insight deliverables may improve the outcome at locations along an operational

process

System reports Taken from operating systems as standard reports.

Know-thy-data Data is explored in descriptive, graphic and statistical perspectives.

Recountive Insight direct from data—without processing through analytics—to ask and answer

questions of who, what, when, where, how much and metrics.

Modeled Insight gained upon data flowing through ML/AI models that ask and answer questions of
relationship, difference, time series, duration and apparency.
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The place of the analytic core, “R,” in the scope of insight deliverables

categoy R

System reports None.

Know-thy-data Insight is generated through various R functions specifically developed for the purpose of
exploring data.

Recountive R will come into play via the functions for layered charting.

Modeled All are generated with “R” functions.

Know-thy-data, recountive and modeled insight
deliverables will be further explained. System
reports require no further explanation.
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R functions to “Know-thy-data” are combined as insight deliverables to probe and explore data

100 300 30 40 S50 16 20
pg *x A r ek =] * 8
-0.85|-0.78 | 0.68 |-0.87 | 042 [ ¢ .o . . . .
. Unified view of eight insights G sumarycedats) = :
e S| o *xH] * kA | survive pclass
N / H in. s 2.0 in. :0.0000 in. :1.000
1% Hpljo7e on|os9 «o | into the nature and cross b o T
g4 _"" s I . h. f . bl Median :446.0 Median :0.0000 Median :3.000
P *x - Mean  :446.0 Mean  :0.3838 Mean :2.309
-i . ,/__\] 045 0‘6*6“ -0.71 :° re atlons Ip o varla es'(l) 3rd Qu. :668.5 3rd Qu. :1.0000 3rd Qu. :3.000
'M. - [= Max. :891.0 Max. :1.0000 max. :3.000
B e i - ]
[ IR U R i e Name sex Age
':..7&'-"%‘ . . « ity |07 Abbing, Mr. Anthony : 1 female:314 wmin. : 0.42
o ySae >0 evee Abbott, Mr. Rossmore Edward : 1 male :577 1st Qu.:20.12
o B B T L w Abbott, Mrs. stanton (Rosa Hunt) T median :28.00
\ kf . ade I Abelson, Mr. Samuel A & Mean :29.70
j'“ 3T \ R Abelson, Mrs. samuel (Hannah wizosky): 1 3rd Qu. :38.00
Y A o L oo Adahl, Mr. Mauritz Nils Martin ¥ Max. :80.00
4 F v v N ec (other) 1885 NA'S 1177
21 . an “‘b Pe tl lat sibsp parch Ticket Fare
E_'.ﬁ'.. e v T Min.  :0.000 Min. :0.0000 1601 7 wMin. : 0.00
¢ el S S St P S L . =] 1st Qu.:0.000 1St Qu.:0.0000 347082 7 1st Qu.: 7.91
0 20 30 50 200 23458 Median :0.000 Median :0.0000 CA. 2343: 7 Median : 14.45
Mean 0.523 Mean 0. 3816 3101295 : 6 Mean i 32.20
3rd Qu.:1.000 3rd Qu.:0.0000 347088 6 3rd Qu.: 31.00
Max. :8.000 Max. :6.0000 CA 2144 : 6 Max. :512.33
(other) :852
cabin embarked
BOX PLOT P -
1 : h d I . B96 B9S  : 4 C:168
2 c23c25¢€27: 4 Q: 77 . . .
Shapes and plotting 2 4 Bl Min/max, median, mean, quartiles,
) " styles are insightful.(2) SR i issi
Yy g . O s, |l categories and counts, and missing
x - .
3 i
g‘ 70
& . x x 1) Correlation matrix, STHDA. http://www.sthda.com/english/wiki/correlation-matrix-a-
* L 3 quick-start-guide-to-analyze-format-and-visualize-a-correlation-matrix-using-r-software
65 x c 2) R for Data Science, Grolemund, Wickham, 2017. eChap 7.
https://r4ds.had.co.nz/exploratory-data-analysis.html
60 T
1 2 3 4

Machine
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“Recountive” insight deliverables are most widely observed current state to most organizations

Recountive insight can be packaged and T e e e il R
disseminated through Pivot software directly ' S
from the super table.

Daj e tesees wam e
1.

d maFem(Cs. T vees

E = Pivot Tables In-Depth for MS Excel 2016, Oesko, 2017.
= Excel Dashboards and Reports, Alexander and Walkenbach, 2013.

(CC BY) Richard Lamb 2019 45




For “modeled” insight deliverables, each of the five types of questions map to analytic models

Relationship

Difference

Time series

Duration

Apparency

Which asset and process variables are most strongly
related to a performance of interest?

How do slice-dice combinations of asset and process
variables comparatively effect a performance of
interest?

What are the components that underlie the summary-
level-only history that operating systems are limited to
providing?

What is the probability an asset or process condition
will hold for some time and then what is the
probability the condition will end?

Are there hidden predictor variables to the
performance of assets and processes?

Linear, logistic and Poisson regression

One-way and multi-way ANOVA, ANCOVA, repeated-
measures and mixed ANOVA, and MANOVA.

Holt-Winter, series regression, ARMA and ARIMA.

Cox regression, Cox proportional hazard, Cox mixed-
effects, cumulative incidence, proportional hazard
regression, Weibull and Crow-AMSAA.

Decision tree, regression tree, model tree, naive Bayes,
K-mean and principle component analysis.

(1) A set of explanatory papers to the models can be downloaded at https://analytics4strategy.com/new-age-five-questions
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The next five slides are an overview of the five types of
questions that can only be asked and answered by
modeled insight.

An extensive explanation is available with the training
slides titled, “Modeled Insight Delivered by Analytic
Models,” at https://analytics4strategy.com/trn-
modelinsigh
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Relationships questions: Which asset and process variables are most strongly related to a performance of
interest and by what type of relationship?

Linear regression:

» Numeric score—e.g., costs, hours, productivity and KPls.

» Fitis linear.

» Example question: Which asset and process variables are most related to work order cost, hours,
productivity and KPIs?

Logistic regression:

Classifies between possible categorical outcomes.

Binomial: Yes/No and multinomial: yes, no, maybe.

Classification based on the probability of an outcome.

Example question: Which asset and process variables most foretell the probability of finding crews
engaged in non-value work?

YV VYV

Poisson regression:

» Outcomes of interest are occurrences—e.g., failures and emergency orders.

» Scored as counts (failures) or rates (failures per month).

» Example question: Which variables are most related to the count and rate of specific process non-
compliances?
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Difference questions: How do slice-dice combinations of asset and process variables comparatively effect
a performance of interest?

» Explanation:

= A data set made up of all variables in a model has a mean (expected value)—

E(Y|X4)

left-most.
E(Y|Xs) : i i
i * Grouping one or more variables results in a mean for each group.
- = Difference models are necessary because simple pair-wise statistical
(Y|X2) H P H
comparisons are misinformation due to the math of error.
E(Y|Xy)

* The methods of comparison—post hoc and contrasts—are the power of
difference models.

» Example Question:

= In what situations are there the largest gap (non-value) between planned and
actual craft hours for work orders?
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08 10 12 14 100 200 300 400 100 300 500

Time series questions: What are the components that underlie the summary-level-only history that
operating systems are limited to providing?

1 Summary
] (Trend*Cycle)

_ W

1 Cycle (factor)
ZUIUU ZUIUE 20'1 0

Time

Example question:

- Operating systems only collect
summary-level information.

The true story lies behind the summary-level data
— as the history of constituent trend and cycle.

o
<

Just as important, what is the trend—deterministic,
random or random walk?

30

20

10

Is the trend for productivity changing with time—Ilong-term
or cyclical?
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Duration questions: What is the probability an asset or process condition will hold for some time and then
what is the probability the condition will end?

Frob

Prob

08

0.4

oo

02 0.4

o0

Survival

As-is

Duration

Hazard

30 40

I
To-be ¢

/

7/
’

-

As-is

T T T
0 10 20

Duration

Example question:

Are the shapes of the curves acceptable for each stage along the
process and do any show gaming and non-compliance?

30 40

= Shows the probability of a condition lasting up to just before an ending
event.

= Shows the probability of an ending event as a function of how long the
condition has existed.

= Mathematics of “hazard” make it possible to determine which process
variables matter most to the story.

Note:

Shown is the Kaplan Meir method.
Alternative methods upon life-data are
Weibull and Crow-AMSAA.
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Apparency questions: Are there hidden predictor variables to the performance of assets and processes?

alcohol < 10.85

>=10.85

I 1 [
volatile.acidity >=0.2275 free.sulfur.dioxide < 10.5 |

<0.2275 >=10.5

volatile.acidity >= 0.3025 alcohol < 11.77

Advancement

volatile.acidity >= 0.465

<0.465

6.202
n=618 16 48%

5.563 5.360
n=023 24 61% n=84 224%

( 5256 5971 (4545 | 6597
n:GBSWEJS“:J n=761 20.20% n=11 0.29% J =665 17.73%

50

50

Decision tree:

Cluster and Centers

Learning

= Hidden Rules as variables associated with numeric and categorical outcomes.

= An outcome variable is given to the model—supervised (directed).

* The learned rules to score or classify outcomes.

Example question:

Is the process operating to the established rules of conduct?

K-Means:

= Hidden variables are learned by slicing-dicing existing predictor variables until clusters of
similarity emerge.

= No outcome variable is given to the model—unsupervised (undirected).

= Shown case: Six hidden variables are teased out of two variables.

Example question:

Do hidden variables point to outcomes and classifications we have never before recognized or
recorded?
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Within each type of model to a question type, there are subtypes as well as many combinations and
configurations of variables

» The choices of models and variations are driven by the nature of the process and the insight deliverables at the
places in the process.

» The considerations for variations to each are explained by the following referenced papers:

Question _lPaper ________________________________Junk

Relationship  Find What Matters with Relationship Questions of Operations https://analytics4strategy.com/relatgstoci
Difference Know that Improvements Work by Asking Difference Questions https://analytics4strategy.com/viveladifference
Time series Explore What Did and May Happen with Time Series Questions https://analytics4strategy.com/timeseriesgs
Duration Find the Time That is Money by Asking Duration Questions https://analytics4strategy.com/tmismnygstns
Apparency Dive Below the Surface of Process Functioning with Apparency Questions  https://analyticsdstrategy.com/apprasblwfnctng
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https://analytics4strategy.com/relatqstoci
https://analytics4strategy.com/viveladifference
https://analytics4strategy.com/timeseriesqs
https://analytics4strategy.com/tmismnyqstns
https://analytics4strategy.com/apprqsblwfnctng

Agenda:

L The big picture of data-driven operations.
» Definition and depiction of a data-driven operation.
» Cost-free “Critical-Mass” strategy for reaching data-drivenness.
» Essential definitions.
O Structure of methodologies.
» “R”—as the analytic core of data-driven capability.
» Gather and join subtables to form and cleanse super tables.
» Layered charting in contrast to conventional charting.
» Types of Insight deliverables.

‘ U Generalized implementation plan.
O Library of reference papers, presentations and texts.
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Your organization needs a plan of stages, steps, tasks
and deliverables along which to steer each chosen

operation from its current state to being fully data-
driven. ..

.. .BUT to succeed, the path must also be
charted to cause the transfer of knowledge and

skills of data-drivenness to the chosen operations.
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The organization must make a choice to either incubate or recruit the necessary talents for its data-driven
operations

> Polar opposite choices:
= Upskill the process role holders to be new-age workers.

= Recruit specialist in the methodologies, leaving the process role holders to continue on with only pre-data-
driven skills.

» Drawbacks to the specialist alternative:
= |s it fair to the process role holders to be left in the past?

= Specialists lack the depth and breadth of domain expertise that process role holders have gained over years.

» The herein charted implementation plan is designed to upskill role process holders as the implementation project
unfolds.
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Generalized stages, steps and tasks to reaching data-drivenness

Stages and Steps Timeline to General Abilities

Stage 1: Set direction and prepare.
Leadership is prepared to make go/no-go decision, set direction and make initial

1. Form clear understanding with leadershipand =@ T
initial decisions g P | project decisions. Project members selected and prepared to participate. Through
| 1 lens of new knowledge, competitive North Star set to becoming data-driven is set.
2. Prepare nucleus players to participate. ,
|
3. Set competitive North Star for data-drivenness. ‘@
-
Stage 2: Conduct basic design. I
| . .
1. Charted, detailed operational processes for I Py Exactly what the operational processes will
data-drivenness. , look like when fully data-driven is made
I known.
2. Map deliverables to charted process & form E e

basic designs

Stage 3: Plan and form detailed design and startup.
Moving to defined processes,

1. Establish the sequence to implement insight —@ . .. . .
. d P € prioritized upon influencing
deliverables. I . .
I considerations.
2. Form detailed designs and implement. m_Ee=====
| | | R
I 1-2 weeks I 2-3 weeks I 3-8 weeks
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The previous slide is an overview plot of the
generalized project plan and the extent the project
stages, steps and deliverables will be presented.

Stage One: Set direction and prepare

Stage prepares the subject organization’s leadership to make the initial go/no-go decision for data-

The fully detailed project plan is available as the
° ° ° . o ° drivenness. If “go,” and with the preparation of the stage, leadership will set direction and make initial
t ra I n I n g S I I d e S t I t I e d ) P rOJ e ct P I a n fo r :::E:::t‘f!o;stzfo?zzer;ixzzr:‘the decisions, project members will be selected and prepared to

Implementation at the Grassroots” at » 3:;2:;:;:?6'@ leadership to give direction and make decisions for data-
https://analytics4strategy.com/trn-implement

The step is to give leadership a clear, implementable understanding of data drivenness. With the understanding,
leadership will set direction and make the initial decisions with respect to go/no-go, geography and project
nucleus players.

Activities Deliverables
1. Present to leadership a clear, implementable * Decision-level leadership is conversant and
explanation of data-drivenness. knowledgeable in the principles, practices, software
2. Bound the organization to be subjected to an initial and skills of data-drivenness.
data-drivenness project. * Organization delineated for becoming fully data-
3. Select the nucleus players from the process of driven.
operatives, leaders and analysts to participate in the | * Nucleus of personnel who will participate in building
project. and dispersing the principles, practices and skills to
their colleagues within and possibly beyond the
targeted geography.

Continued. ..
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https://analytics4strategy.com/trn-implement

As the three stages unfold, the knowledge and skills of data-driven operations are transferred to
management and nucleus players by a drivenness guide

Knowledge and Skill Transfer

1. Set direction and prepare. = Management and the nucleus players they select will learn the framework of
data-driven operations.

= Nucleus players trained hands-on in the skills of building and cleansing super
tables, exploring the tables with methods of descriptive statistics and building
layered charts.

2. Conduct basic design. = Nucleus players trained in the types, principles and interpretation of ML/AI
analytics as mandatory to have the expertise to specify which of all insights
deliverables are relevant to the process.

3. Plan and form detailed design = Nucleus players trained hands-on to build and deploy the insight deliverables
and startup. they specified in the previous stage.
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Agenda:

L The big picture of data-driven operations.
» Definition and depiction of a data-driven operation.
» Cost-free “Critical-Mass” strategy for reaching data-drivenness.
» Essential definitions.
Q Structure of methodologies.
» “R”—as the analytic core of data-driven capability.
» Gather and join subtables to form and cleanse super tables.
» Layered charting in contrast to conventional charting.
» Types of Insight deliverables.

O Generalized implementation plan.
‘ U Library of reference papers, presentations and texts.
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Library: “What-to” and “how-to” for data-driven development and functioning

Knowledge and skills Papers, presentations, training sessions Texts or equivalents

Data-drivenness Framework = First Step to Becoming a Data-Driven None available

Operation
= Data-Driven Maintenance Operations

R Coding None available * R for Dummies, de Vries, Meys, 2015.
* Art of Programing R, Matloff, 2011.
* Manual at https://r-project.org.

Data tables Super tables = Build Super Tables from Operational Data Access 2016 Bible, Alexander and Kusleika,
= Purge the Fused Spreadsheets That 2016, Chapters 8 — 13.
Undermine Data-Drivenness

Data preparation Cleansing = Build Super Tables from Operational Data Rstudio for R Statistical Computing Cookbook.
Andrea Cirillo, 2016,
Chapter 2

Pivot tables, graphs Pivot dashboards None available Pivot Tables In-Depth for MS Excel 2016, Oesko,
2017.

Layered charting None available ggplot2, Elegant Graphics for Data Analysis,

Wickham, 2016

Continued. ..
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https://analytics4strategy.com/train-frststpdtdrvnops
https://analytics4strategy.com/trn-datadrvnmntcop
https://analytics4strategy.com/train-builddatatables
https://analytics4strategy.com/fusedsprdsht
https://analytics4strategy.com/train-builddatatables

Library: Continued

Knowledge and skills Papers and presentations Texts or equivalents

Five analytic questions Relationship Find What Matters with Relationship Questions
of Operations

Difference Know that Improvements Work by Asking
Difference Questions

Time series Explore What Did and May Happen with Time
Series Questions

Duration Find the Time That is Money by Asking Duration
Questions
Apparency Dive Below the Surface of Process Functioning

with Apparency Questions

Machine learning, Al Methodology None available
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= Discovering Statistics Using R, Field and Miles, 2012
* Multilevel Modeling Using R, Holmes, 2014

® |ntroductory Time Series with R, Cowpertwait and
Metcalfe, 2009
= R Package “tsoutliers,” Javier Lopez-de-Lacalle, 2017

= Event History Analytics with R, Bostrom, 2012

= New Weibull Handbook, Abernathy, 2007

= R Package “WeibullR” Weibull Analysis for Reliability
Engineering, Silkworth & Symynck, 2018

Machine Learning with R, Lantz, 2015
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https://analytics4strategy.com/relatqstoci
https://analytics4strategy.com/viveladifference
https://analytics4strategy.com/timeseriesqs
https://analytics4strategy.com/tmismnyqstns
https://analytics4strategy.com/apprqsblwfnctng

