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• Background

• The Trilogy

• Who, how and what

• Discussions (can be ongoing….)
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I am a 
statistician



Background
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"Much fine work in statistics involves 
minimal mathematics; some bad work in 
statistics gets by because of its apparent 

mathematical content.“ 

David Cox (1981), 

Theory and general principle in statistics, JRSS(A), 144, pp. 289-297. 
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“…most statisticians seem to agree that 
statistics is becoming relatively less influential 

among the information sciences.’’  

Jerry Friedman (2001)

The role of statistics in the data revolution, 

International Statistical Review, 69, 1, pp. 5–10.
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“The current status of statistics in industry 
is strong; however, the status of statisticians 
in industry is possibly at an all-time low.’’ 

Sallie Keller-McNulty (2008)

ASA Presidential Address
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1981

2001

2008

“The state of research in engineering and
industrial statistics is not as healthy as it was
two to three decades ago. The short-term focus in
business and industry has led to drastic cutbacks
in industry-based research. Within most
statistics departments in academia, engineering
and industrial statistics are viewed as mature
areas, and do not attract much interest.’’

V.J. Nair (2008)

Industrial statistics: The gap between research and practice, 

Youden Memorial Address. ASQ Statistics Division Newsletter, 27, 1, pp. 5–7.
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1981

2001

2008

2010

“There appears to be a serious disconnect
between academic research in statistics and
quality control improvement and actual practice.
That is, quality practitioners are not utilizing
the latest published research, and researchers are
not addressing the research needs perceived by
practitioners.’’

Roger Hoerl and Ron Snee (2010)

Statistical Thinking and Methods in Quality Improvement: A Look to the Future, 
Quality Engineering, 22, 3, pp. 119 -129
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The Market View of Statistics

Take a step backwards, and think of statistics as
a product or service (let's call it "S") that you are
trying to promote. There are apparently many
problems with "S". Basic market research shows
that "S" is misused, misunderstood, not
appreciated and worst yet, others are offering
much more attractive and successful versions of
it. For statisticians this is an issue that requires
serious considerations.

Kenett, R.S. (2012) A Note on the Theory of Applied Statistics . Available at SSRN: http://ssrn.com/abstract=2171179 
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Applied statistics is about 
meeting the challenge of 

solving real world problems 
with mathematical tools and 

statistical thinking

12



Mathematical 
Tools

Statistical 
Thinking
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Mathematical 
Tools

Statistical 
Thinking

Real World  
Problems

14The mathematical statistician



Mathematical 
Tools

Statistical 
Thinking

Real World  
Problems

15The proactive statistician, G. Hahn



The Gap
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Businesses

Science

Services

Industry

Yoav 
Benjamini

David 
Banks

David
Draper

George
Box

1890-1962
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The Theory of Applied Statistics 
(á la Draper)
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The Theory of Applied Statistics 
(á la Draper)
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The Theory of Applied Statistics 
(á la Draper)
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The Theory of Applied Statistics 
(á la Draper)
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The Theory of Applied Statistics 
(á la Draper)
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The Theory of Applied Statistics 
(á la Draper)



“This is not as the analyst of a single set of data, nor even as the 
designer and analyzer of a single experiment, but rather as a 
colleague working with an investigator throughout the whole 

course of iterative deductive-inductive investigation.” 

Warning
We do not teach tools and methods for doing that

The Theory of Applied Statistics 
(á la Box)
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The Theory of Applied Statistics 
(á la Box)

How we 
learn Chapter 16:

Mechanistic 
Model 
Building
Chapter 17:
Study of 
Variation
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The Theory of Applied Statistics 
(á la Box)

George Box (1997), Scientific Method: The 
Generation of Knowledge and Quality,  
Quality Progress, January, pp. 47-50.

How we 
teach
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As a former editor of the Journal of the American Statistical Association, my own sense is
that very few applied papers are perfectly reproducible. Most do not come with code or
data, and even if they did, I expect a careful check would and discrepancies from the
published paper. The reasons are innocent: code written by graduate students is
continually tweaked and has sketchy documentation.
The exact data cleaning procedures are not perfectly remembered when the final version
of the paper is written, or may be muddled by miscommunication among multiple
authors. And even if a conscientious researcher provided a full description of every
cleaning step, every model fitting choice, and all aspects of variable selection, the resulting
paper would be so long and tedious that no doubt the foolish editor would demand that it
be shortened.

David Banks
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“Yoav’s current interest is the replicability problem in science: too often, the results of 
studies gaining headlines cannot be replicated by other experimenters. Part of the problem 
is the use of statistical tools that fail to address the challenge of selective inference. He is 
trying to develop statistical tools that will aid researchers to cope with this problem, from 
the areas of Medicine, Epidemiology, Genomics, Bioinformatics, Neuroscience and behavior.”

http://en.wikipedia.org/wiki/Yoav_Benjamini

Presented at The San Francisco Chapter of ASA
February 29, 2012

Yoav Benjamini
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Proc. of the Evaluation Methods for Machine Learning Workshop at the 26 th ICML, Montreal, Canada, 2009.

Chris Drummond

“Reproducibility requires changes; replicability avoids them. A critical

point of reproducing an experimental result is that irrelevant things are

intentionally not replicated. One might say, one should replicate the
result not the experiment.”

What did we learn ≠ 𝑊ℎ𝑎𝑡 𝑑𝑖𝑑 𝑤𝑒 𝑑𝑜

Information

Christopher Gandrud

Is this reproducible? Is this replicable?

Sweave
knitr



Closing the Gap:
A Pedagogical Approach

• Understand why – the motivation

• Learn how to do it – using the computer

• Study the foundations – using mathematics

• Practice, practice, practice
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• The pedagogical structure of Modern Industrial Statistics 
combines a practical approach, with theoretical
foundations and computer support. It is intended for 
students and instructors who have an interest in studying 
modern methods by combining these three elements.

• The first edition referred to S-Plus, MINITAB and compiled 
QuickBasic code. The second edition provides examples 
and procedures in the now popular R language and also 
refers to MINITAB and JMP. Each of these three computer 
platforms carries unique advantages. Focusing on only one 
or two of these is also possible. 

• Exercises are provided at the end of each chapter in order 
to provide more opportunities to learn and test your 
knowledge.
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From preface to second edition of Kenett and Zacks,  Modern 
Industrial Statistics with applications in R, MINITAB and JMP, 
Wiley 2014

Closing the Gap:
A Pedagogical Approach



The Trilogy
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The Trilogy of Applied Statistics

• Consider a life cycle view

• Assess impact

• Generate knowledge

32

Knowledge

Perspective

Impact



Statistics: A life cycle view
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Problem 
Elicitation

Goal
Formulation

Data
Collection

Data
Analysis

Formulation 
of Findings

Communication
of Findings

Impact
Assessment

Operationalization
of Findings

Kenett, R.S. and Thyregod, P. (2006) Aspects of statistical consulting not taught by academia, 
Statistica Neerlandica, 60 (3): 396-412.

Perspective

DMAIC
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Problem Elicitation

Greenfield, T. (1987) Consultant's cameos: A chapter of encounters. pp.  11-25 in Hand, D.J. and B.S. Everitt eds, 
The statistical consultant in action, Cambridge University Press

Perspective



Assessing Impact

Practical Statistical Efficiency (PSE) 
PSE = function[E{R}, T{I}, P{I}, V{PS}, P{S}, V{P}, V{M}, V{D}]

V{D} = value of the data actually collected

V{M} = value of the statistical method employed

V{P} = value of the problem to be solved

P{S} = probability that the problem actually gets solved

V{PS} = value of the problem being solved

P{I} = probability the solution is actually implemented

T{I} = time the solution stays implemented

E{R} = expected number of replications

35Kenett, R.S., Coleman, S.Y. and Stewardson, D. (2003). Statistical Efficiency: The Practical Perspective, 
Quality and Reliability Engineering International, 19: 265-272.
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Impact



Assessing Impact
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Gal Oestreicher-Singer and  Arun Sundararajan (2012)  Recommendation networks and the long tail of electronic commerce 
E, MIS Quarterly Vol. 36 No. 1 pp. 65-83/March 2012
www.eiburs.unimi.it Cost Benfit Analysis in the Research, Development and Innovation Sector.
Carrazza S. Ferrara A., Salini S. (2013) Research infrastructures in the LHC era: a scientiometric approach, EIB

36

Impact

Papers produced by experiments; 
literature papers cited by those produced 
by experiments; and literature papers 
citing experiment papers. citations from 
experiment papers to literature papers 
with 0to1 and the citations received by 
experiment papers from literature papers 
1to0

http://www.eiburs.unimi.it/


37
Kenett, R.S. and Steinberg, D.  (2006), New Frontiers in Design of Experiments, Quality Progress, pp. 61-65, August 2006.
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Impact

Web 
testing

QbD in 
Pharma

Construction

Engineering

DOE

Statistics

Healthcare

Brumbaugh Award for the paper 

making the largest contribution to 

industrial quality control.
Nelson Award for the article having the 
greatest immediate impact to practitioners.

Quality



InfoQ(f,X,g) = U( f(X|g) ) 

The potential of a particular dataset 
to achieve a particular goal using a 
given empirical analysis method 

38

g A specific analysis goal

X The available dataset

f An empirical analysis method

U A utility measure

Information Quality Knowledge

Kenett, R.S. and Shmueli , G. (2014) On Information Quality, http://ssrn.com/abstract=1464444
Journal of the Royal Statistical Society, Series A (with discussion), 176(4).

Joint work with Galit Shmueli



Analysis goal

g X
Available data 

f
Data analysis

method 

Utility measure

U

Data 

Quality

Information 

Quality

Analysis 

Quality

1. Data resolution

2. Data structure

3. Data integration

4. Temporal relevance

5. Chronology of data and goal

6. Generalizability

7. Operationalization 

8. Communication

Goals

Analytic 
Space

Domain 

Space

Knowledge

InfoQ(f,X,g) = U(f(X|g)) 

What

How
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Knowledge



Analysis goal

g
X

Available data 

f
Data analysis

method 

Utility measure

U
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Knowledge



Analysis goal

g

Domain goal
What, why, when, where, how

-> Analysis goal
Explain, predict, describe
enumerative, analytic
exploratory, confirmatory

Quality of Goal Specification
• “error of the third kind” - giving the right answer to the wrong question –

Kimball
• “Far better an approximate answer to the right question, which is often 

vague, than an exact answer to the wrong question, which can always be 
made precise” - Tukey

41

Knowledge



Typical Goals of Customer Surveys

42

Goal 1. Decide where to launch improvement initiatives 

Goal 2. Highlight drivers of overall satisfaction

Goal 3. Detect positive or negative trends in customer satisfaction

Goal 4. Identify best practices by comparing products 

Goal 5. Determine strengths and weaknesses

Goal 6. Set up improvement goals

Goal 7. Design a balanced scorecard with customer inputs

Goal 8. Communicate the results using graphics 

Goal 9. Assess the reliability of the questionnaire

Goal 10. Improve the questionnaire for future use

Analysis goal

g



X
Available data 

Data Source
• Primary, secondary
• Observational, experiment
• Single, multiple sources
• Collection instrument, protocol

Data Type
• Continuous, categorical, mix
• Structured, un-, semi-structured
• Cross-sectional, time series, panel,  network, 

geographical

Data Quality U(X|g)
• “Zeroth Problem - How do the data relate to the problem, and what other data 

might be relevant?” - Mallows
• MIS/Database - usefulness of queried data to person querying it. 
• Quality of Statistical Data (IMF, OECD) - usefulness of summary statistics for a 

particular goal (7 dimensions)

Data Size and 
Dimension
• # observations
• # variables

43

Knowledge



f
Data analysis

method 

Analysis Quality
• “poor models and poor analysis techniques, or even analyzing the data in a 

totally incorrect way.”  - Godfrey
• Analyst expertise
• Software availability
• The focus of statistics education

Statistical models and methods 
• Parametric, semi-, non-parametric
• Classic, Bayesian

Data mining algorithms
Graphical methods
Operations research methods 

44

Knowledge



Utility measure

U

Quality of Utility Measure
• Adequate metric from analysis standpoint  (R2,  holdout data)
• Adequate metric from domain standpoint

Domain goal -> Analysis goal

• Predictive accuracy, lift 
• Goodness-of-fit 
• Statistical power, statistical significance
• Strength-of-fit
• Expected costs, gains
• Bias reduction, bias-variance tradeoff

45

Knowledge



Approaches for Increasing InfoQ

Study Design (Pre-Data)

• DOE

• Clinical trials

• Survey sampling

• Computer experiments

Post-Data-Collection

• Data cleaning and 
preprocessing

• Re-weighting, bias 
adjustment

• Meta analysis

Randomization, Stratification, 
Blinding, Placebo, Blocking, 
Replication, Sampling frame,
Link data collection protocol with 
appropriate design

Recovering “real data” vs. “cleaning 
for the goal”
Handling missing values, outlier 
detection, re-weighting, combining 
results

46

Knowledge



Assessing InfoQ

“Quality of Statistical Data” 
(Eurostat, OECD, NCSES,…)
• Relevance
• Accuracy
• Timeliness and punctuality
• Accessibility
• Interpretability
• Coherence
• Credibility

InfoQ dimensions

1. Data resolution
2. Data structure
3. Data integration
4. Temporal relevance
5. Chronology of data and goal
6. Generalizability
7. Operationalization
8. Communication

3 V’s of Big Data 
• Volume
• Variety
• Velocity

Marketing Research
• Recency
• Accuracy
• Availability
• Relevance 

47

4 V’s of Big Data 
• Volume
• Variety
• Velocity
• Veracity

Knowledge



#1 Data Resolution
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1 2 3 4 5 6 7 8



#2 Data Structure

Data Types
• Time series, cross-sectional, panel
• Structured, semi-, non-structured
• Geographic, spatial, network
• Text, audio, video, semantic
• Discrete, continuous

Data Characteristics 
Corrupted and missing 
values due to study design 
or data collection 
mechanism 

49

1 2 3 4 5 6 7 8



#3 Data Integration

Linkage, privacy-preserving 
methods: Increase or 
decrease InfoQ?
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1 2 3 4 5 6 7 8



#4 Temporal Relevance

Analysis Timeliness
(solving the right 
problem too late) 

Data Collection
Data 

Analysis
Study 

Deployment

t1 t2 t3 t4 t5 t6

Collection Timeliness
(relevance to g)

g: Prospective vs. retrospective; longitudinal vs. snapshot
Nature of X, complexity of f

forecast

51

1 2 3 4 5 6 7 8



#5 Chronology of Data & Goal

Data: Daily AQI in a city

g1: Reverse-engineer AQI

g2: Forecast AQI

Retrospective/prospective
Ex-post availability
Endogeneity

52
http://www.airnow.gov/?action=aqibasics.aqi

1 2 3 4 5 6 7 8

http://www.airnow.gov/?action=aqibasics.aqi


#6 Generalizability

Statistical 
generalizability 

Scientific 
generalizability 

Definition of g
Choice of X, f, U 53

1 2 3 4 5 6 7 8



#6 Generalizability

54

Judea Pearl stated that “Science is about generalization, and generalization requires 
transportability. Conclusions that are obtained in a laboratory setting are 
transported and applied elsewhere, in an environment that differs in many aspects 
from that of the laboratory.” 
• Pearl, J. (2013), Transportability across studies: A formal approach, R-372

Georg Rasch used the term specific objectivity to describe that case essential to 
measurement in which "comparisons between individuals become independent of which 
particular instruments -- tests or items or other stimuli -- have been used. Symmetrically, it 
thought to be possible to compare stimuli belonging to the same class -- measuring the 
same thing -- independent of which particular individuals, within a class considered, were 
instrumental for comparison.“ The term general objectivity is reserved for the case in 
which absolute measures (i.e., amounts) are independent of which instrument (within a 
class considered) is employed, and no other object is required. By "absolute" we mean the 
measure "is not dependent on, or without reference to, anything else; not relative" 
• Rasch, G. (1961). On general laws and the meaning of measurement in psychology, pp. 321–334 in Proceedings of the Fourth 

Berkeley Symposium on Mathematical Statistics and Probability, IV. Berkeley: University of Chicago Press, 1980.
• Rasch, G. (1977). On Specific Objectivity: An attempt at formalizing the request for generality and validity of scientific 

statements. The Danish Yearbook of Philosophy, 14, 58-93.

1 2 3 4 5 6 7 8



#7 (Construct) Operationalization
χ construct 
X = θ(χ)  operationalization (measurable)

• Causal explanation vs. 
prediction, description

• Theory vs. data
• Data: Questionnaire, physio

measurement

55

1 2 3 4 5 6 7 8



#7 (Action) Operationalization

56http://www.spcpress.com/pdf/DJW187.pdf

1 2 3 4 5 6 7 8

http://www.spcpress.com/pdf/DJW187.pdf


#7 Operationalization
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National Education Goals 
Panel (NEGP) 
recommended that states 
answer four questions on 
their student reports:
1. How did my child do?
2. What types of skills or 
knowledge does his or her 
performance reflect?
3. How did my child 
perform in comparison to 
other students in the 
school,
district, state, and, if 
available, the nation?
4. What can I do to help 
my child improve?

Goodman , D. and. Hambleton , R.( 2004). Student Test Score Reports and Interpretive Guides: Review of Current Practices 
and Suggestions for Future Research, Applied Measurement in Education, 17:2, 145-220

1 2 3 4 5 6 7 8
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#7 Operationalization
http://sat.collegeboard.org/practice/sat-skills-insight/writing/band/200

1 2 3 4 5 6 7 8

http://sat.collegeboard.org/practice/sat-skills-insight/writing/band/200
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When asked what the 18% in line 1 meant, 
53% of the policy makers responded incorrectly

1992 NAEP 
Executive 

Summary Report

#8 Communication

43162

1 2 3 4 5 6 7 8
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#8 Communication

http://nces.ed.gov/nationsreportcard/itemmaps/index.asp

1 2 3 4 5 6 7 8

http://nces.ed.gov/nationsreportcard/itemmaps/index.asp
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#8 Communication

http://nces.ed.gov/nationsreportcard/itemmaps/index.asp

1 2 3 4 5 6 7 8

http://nces.ed.gov/nationsreportcard/itemmaps/index.asp
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#8 Communication

http://nces.ed.gov/nationsreportcard/itemmaps/index.asp

1 2 3 4 5 6 7 8

http://nces.ed.gov/nationsreportcard/itemmaps/index.asp
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#8 Communication

http://nces.ed.gov/nationsreportcard/itemmaps/index.asp

1 2 3 4 5 6 7 8

http://nces.ed.gov/nationsreportcard/itemmaps/index.asp
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#8 Communication

http://nces.ed.gov/nationsreportcard/itemmaps/index.asp

1 2 3 4 5 6 7 8

http://nces.ed.gov/nationsreportcard/itemmaps/index.asp
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#8 Communication
1 2 3 4 5 6 7 8
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Skeletons on

Flying Carpets
Christian Ritter

Hardness versus Density



Assessing InfoQ in Practice

Rating-based assessment

1-5 scale on each dimension:

InfoQ Score = [d1(Y1) d2(Y2) … d8(Y8)]1/8

Experience from two research methods courses

– Preparing a PhD research proposal (U Ljubljana, 50 students, 
goo.gl/f6bIA)

– Post-hoc evaluation of five completed studies (CMU, 16 
students, goo.gl/erNPF)

66

# Dimension Note Value Index

1 Data resolution 5 1.0000

2 Data structure 4 0.7500

3 Data integration 5 1.0000

4 Temporal relevance 5 1.0000

5 Generalizability 3 0.5000

6 Chronology of data and goal 5 1.0000

7 Concept operationalization 2 0.2500

8 Communication 3 0.5000

InfoQ Score = 0.68

1 2 3 4 5 6 7 8

http://goo.gl/f6bIA
http://goo.gl/erNPF


Primary Data  Secondary Data
- Experimental        - Experimental
- Observational      - Observational

Data 

Quality

Information 

Quality

Analysis 

Quality

Knowledge

g A specific analysis goal

X The available dataset

f An empirical analysis method

U A utility measure

1. Data resolution

2. Data structure

3. Data integration

4. Temporal relevance

5. Chronology of data and goal

6. Generalizability

7. Operationalization 

8. Communication

What

How

Goals InfoQ(f,X,g) = U(f(X|g)) 

Information Quality

Knowledge

67



Russom, P., Big Data Analytics, TDWI Best Practices Report, Q4 2011

Big Data

1. Data resolution

2. Data structure

3. Data integration

4. Temporal relevance

5. Chronology of data and goal

6. Generalizability

7. Operationalization 

8. Communication

Big Data Analytics

Knowledge

68



The Theory of Applied Statistics
1. Background

1.1. Statistics as a Mathematical Discipline

1.2. The Role of Case Studies in the Development of Statistics

1.3. Main Achievements in 100 Years of Statistics

1.4. New Challenges

2. Applied Statistics as a Discipline: Some Examples

2.1. Surveys

2.2. Clinical Trials

2.3. Industrial Statistics

2.4. Quality and Reliability

2.5. Risk Analysis

69
Kenett, R.S. (2012) A Note on the Theory of Applied Statistics . Available at SSRN: http://ssrn.com/abstract=2171179 



The Theory of Applied Statistics
3. Tools of Applied Statistics
3.1. Cognitive Science and Psychology
3.2. Concept Science and Knowledge Management
3.3. Visualization Methods, Static and Dynamic
3.4. ETL and Data warehouses
3.5. Ontologies and Unstructured Data
3.6. Statistics in Management Science and Computer Science
4. Towards a Theory of Applied Statistics
4.1. Problem Elicitation
4.2. Communicating with other Disciplines
4.3. Formulation and Presentation of Findings
4.4. Education of Statistical Concepts (not techniques)
4.5. Evaluating Impact (Practical Statistical Efficiency)
4.6. Evaluating Value Added (Information Quality)
4.7. Designing a Strategy for Expanding the Role of Statistics 
(The Statistical Efficiency Conjecture and Integrated Models). 70



Who, how and what

71



Who is doing it

72

Certified Analytics Professional (CAP™)



Who is not doing it

73



A Role Model

Xmas 
party
1979

74



Experiment by Cole Porter
performed by Mabel Mercer, with Cy Walter and Stan Freeman

Be curious,

Though interfering 

friends may frown.

Get furious,

At each attempt to 

hold you down.

If this advice you'll 

only employ,

the future can offer 

you infinite joy

and merriment.

Experiment,

and you'll see.

Experiment,

Make it your 

motto day and 

night.

Experiment,

And it will lead 

you to the light.

The apple on the 

top of the tree

is never too high 

to achieve.

So take an 

example from 

Eve

Experiment.

Before you leave these 

portals

to meet less fortunate 

mortals,

there's just one final 

message I would give to 

you .

You all have learned reliance

on the sacred teachings of 

science,

so I hope through life you 

never will decline,

in spite of philistine 

defiance,

to do what all good 

scientists do.
75

C:/Ron Laptop/KPA/Statistics/Journals and Conferences/Hunter 4 2014/Mabel Mercer - EXPERIMENT.mp4
C:/Ron Laptop/KPA/Statistics/Journals and Conferences/Hunter 4 2014/Mabel Mercer - EXPERIMENT.mp4


Statistics needs 

interactions with 

other disciplines

Teaching Statistics 

requires continuous 

investments in the 

learning environment

Good problems drive 

good Statistics Fun should be part of 

doing and learning 

Statistics

Ask customers to 

assess the quality of 

your work

Some key lessons

76



Statistical Engineering

77

Definition (Hoerl and Snee): The study of how to best utilize 

statistical concepts, methods, and tools and integrate them with 

information technology and other relevant sciences to generate 

improved results.

The NIST Statistical Engineering Division (founded 1946), 

part of the NIST's Information Technology Laboratory, seeks to 

contribute to research in information technology, to catalyze 

scientific and industrial experimentation, and to improve 

communication of research results by working collaboratively 

with, and developing effective statistical methods for, NIST 

scientists and our partners in industry.

http://www.nist.gov/itl/sed/

http://www.nist.gov/itl/sed/


The Theory of Applied Statistics
(The Trilogy)

• Develop models with a

life cycle view

• Design methodology for assessing 
impact

• Improve the generation of 
knowledge

78

InfoQ

PSE

Problem 
Elicitation

Goal
Formulation

Data
Collection

Data
Analysis

Formulation 
of Findings

Communication
of Findings

Impact
Assessment

Operationalization
of Findings



I am a 
statistician



Thank you for your attention

Quality
Control

First
Edition

Second
Edition

Four
Volumes

Software
Engineering

Operational
Risks

Customer
Surveys

Health
Care


