Best Practice Analytics

How to go about data analysis projects

Dr Detlef Nauck

Chief Research Scientist for Data Science
BT, Research & Innovation
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Why We Need Best Practice Analytics
A Typical Spreadsheet-based Reporting Scenario
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Reproducibility

e Reproducibility is the ability of an
entire experiment or study to be
duplicated (by someone else).

e Reproducibility is one of the main
principles of the scientific method.

e Theterm reproducible research
refers to the idea that the ultimate
product of academic research is the
paper along with the laboratory
notebooks and full computational
environment used to produce the
results in the paper such as the code,
data, etc. that can be used to
reproduce the results and create
new work based on the research.

Boyle’s air pump (see https://en.wikipedia.org/wiki/Reproducibility) BT@
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Reproducible Research

The R Series

Reproducible does not mean correct

Implementing . .
Reproducible e Your analysis/claims can be FrNeaLTves
Research reproducible and can still be wrong "/globaleconomy

Home UK~ Worldv Companiesv Markets ¥ =conomy Lexv Comment ¥

e Reproducibility is the only thing
an analyst can guarantee about

May 23, 2014 7:00 pm

Piketty findings undercut by errors

a St u d y, By Chris Giles in London

& share~ K Authoralerts~ § Print 3¢; Clip B8 comments

Edited by

e Example: Thomas Piketty’s book on
P Lasch ‘Capital in the Twenty-First Century’.
Pasrs All the data and analysis has been made
B available on the web

http://piketty.pse.ens.fr/en/capital21c2

Economist and author Thomas Piketly

Thomas Piketty’s book, ‘Capital in the Twenty-First Century’, has been the
publishing sensation of the year. Its thesis of rising inequality tapped into the

-

BT@
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Reproducible Research — Online Course

coursera i= Catalog Q Institutions Log In

Home ¥ Data Science ¥ Data Analysis
Overview

Syllabus Reproducible Research

FAQs

About this course: This course focuses on the concepts and tools behind reporting modern data analyses
Creators in a reproducible manner. Reproducible research is the idea that data analyses, and more generally,
scientific claims, are published with their data and software code so that others may verify the findings and
build upon them. The need for reproducibility is increasing dramatically as data analyses become more
complex, involving larger datasets and more sophisticated computations. Reproducibility allows for people
to focus on the actual content of a data analysis, rather than on superficial details reported in a written
Ratings and Reviews summary. In addition, reproducibility makes an analysis more useful to others because the data and code

that actually conducted the analysis are available. This course will focus on literate statistical analysis tools

which allow one to publish data analyses in a single document that allows others to easily execute the
RepIOdUCﬂJle same analysis to obtain the same results.

Research

Pricing

i Show less

Enroll Now

Created by: Johns Hopkins University

Started |an 09

T JOHNS
HOPKINS

Financial Aid is available for learners UNIVERSITY
who cannot afford the fee. Learn
more and apply.

© British Telecommunications plc

https://www.coursera.org/learn/reproducible-research
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Test Driven Analytics — Learn from Software Development

e How do you make sure that your analysis is correct?
— Isyour data any good?
— Have you validated your model?
— Do decisions taken have the expected business impact?

e Use a test-driven approach for data wrangling, modelling and deployment

e Test-driven development (TDD) is an advanced technique of using automated
unit tests to drive the design of software and force decoupling of
dependencies. The result of using this practice is a comprehensive suite of unit
tests that can be run at any time to provide feedback that the software is still

working (Microsoft: Guidelines for test-driven development)
https://msdn.microsoft.com/en-us/library/aa730844(v=vs.80).aspx

© British Telecommunications plc Dr Detlef Nauck: Best Practice Analytics, May 2017, presented at UK KDD 2017 Q
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KDnuggets Cartoon © 2015 Ted Goff

“This is you, these are organisational and regulatory
obstacles, and this is the operational data you want.
Welcome to the Data Science Team!”

(Original at http://www.kdnuggets.com/2015/03/cartoon-us-chief-data-scientist-challenge.html)

Dr Detlef Nauck: Best Practice Analytics, May 2017, presented at UK KDD 2017
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Data Quality Issues in Enterprises

e Operational data schemas are not designed for analytics.

e Datais distributed across silos and access can be difficult
(administrative and computational obstacles).

e Data inconsistencies make joining data across operational domains
difficult and error prone.

e |twon’t get better (human nature, operational pressure, lack of
business case) - actually, Big Data makes it worse.

e Effortin data preparation is and will remain typically 80%-90% of
project effort.

Dr Detlef Nauck: Best Practice Analytics, May 2017, presented at UK KDD 2017



Making Assertions about Data

e While you pre-process your data or while you conduct exploratory
data analysis you should gain some insight into properties of the data.

e Think about which properties are essential and which you may want
to check or guarantee before you conduct any further analysis.

e Write some code to demonstrate that your data is correct.

Dr Detlef Nauck: Best Practice Analytics, May 2017, presented at UK KDD 2017



Data Quality Test in a Jupyter Notebook Using R

: J U pyter Data Assertions Last Checkpoint: 22 minutes ago (autosaved)

File Edit

B |+ =

In [1Z]:

In [117:

Cut[11]:

B+ % W B C markdown Cell Toolbar: Mone

View Insert Cell Kemel Help

Function to test data assertions on the RFT Churn data set

test_rft = function(df){

tests = 4

testframe = data.frame(test=integer(tests+l), label=character(tests+l), stringsAsFactors = FALSE)
testframeSlabel [1] = "Difference between number of churn rows and number of rows with a cease product"
testframe$test[1l] = sum({df3churn}) - nrow(df[dfSCEASE_PROD != "", ]}

testframe$label [2] = "Rows where cease product is empty, but days to cease is not"

testframe$test[2] = nrow{df[dfSCEASE_PROD—"" & df$DAYS_TO CEASE != "",]}

testframe$label [3] = "Rows where days to cease is empty, but cease product is not"

testframe$test[3] = nrow(df[dfSCERSE PROD=—"" & dfSDRYS TC CEASE != "",]})

testframe$label [4] = "Number of unexpected install product labels"

testframe$test[4] = sum(!levels(rft_churn$INSTALL PROD} == c("","B","BL","BLV","BV","L","LV","V" })
testframe$label [tests+l] = "Overall Test Result”

testframe$test[tests+l] = sum({testframe$test, na.rm = TRUE)

testframe

Running the Test Script

test_rft{rft churn)

test | label

Difference between number of chumn rows and number of rows with a cease product

Rows where cease product is empty, but days to cease is not

Rows where days to cease is empty, but cease product is not

Number of unexpected install product labels

o | b m

olo|lo|lao|e

Overall Test Result

BTQ



George Edward Pelham Box
(18 October 1919 — 28 March 2013)
British statistician

All models are wrong,

but some are useful.
George E.P. Box, 1978

https://en.wikipedia.org/wiki/All models are wrong

Since all models are wrong the scientist cannot obtain a "correct"”
one by excessive elaboration. On the contrary following William
of Occam he should seek an economical description of natural
phenomena. Just as the ability to devise simple but evocative
models is the signature of the great scientist so overelaboration
and overparameterization is often the mark of mediocrity.
George E.P. Box, 1976
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Model Building: Cross-Validation

1 2 3 4 5 6 7 8 9 10
Train | Train | Train | Train | Test | Train | Train | Train | Train | Train

. Randomly split your data into K subsets (folds). Typically, we pick K=10.

. Keep one fold for testing and train the model on the other (K-1) folds. Repeat K times, each time keep another fold
for testing (picture above shows step 5 out of 10).

. The average error across all runs is the estimate for the average expected error on unseen data.

. Build the final model using all data.

. Careful: all modelling steps, including feature selection must be part of the cross-validation. That includes any step
that used the target information. Otherwise the error is underestimated.

. You can execute unsupervised steps before cross-validation, i.e. pick features with high variance. “Unsupervised
step” means that the target information is not used.

BTQ
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Cross-Validation Caveats

If you have only a small amount of data, cross-validation can over-estimate the error.

If K=N (size of data) you have 1-leave-out validation. This is useful for small data sets
and does not over-estimate the error, but the error variance can be over-estimated.

Cross validation tells you something about the expected error of your modelling
method. You can use it to pick a preferred method.

“Method” can mean the way you pick the model parameters or different modelling
approaches (e.g. tree vs. neural network).

If you have vastly different outcomes in different runs, your data selection strongly
influences the modelling results. Check if you have enough data.

Dr Detlef Nauck: Best Practice Analytics, May 2017, presented at UK KDD 2017
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Understanding if a Predictive Model is Useful

e Just quoting the accuracy of a model can be misleading especially in cases where the data is
extremely skewed and the target class is rare (e.g. crime, churn, fraud, faults, ...).
Example: if the churn probability is 1% then a model that classifies everyone as non-churner is 99%
correct but 100% pointless.

e |deally, we want to understand the trade-off between benefit and cost of a model which can be
expressed in different ways depending on context.

e Always use cross-validation when building a model.
e Look at ROC, Performance/Recall and Lift charts

Receiver Operator Characteristic (ROC) Curve Performance/Recall Curve Lift Curve for Deciles

o

RecallTrue Positvs Rals, Sencitiity) Dot
Dr Detlef Nauck: Best Practice Analytics, May 2017, presented at UK KDD 2017
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Challenges in Analytics (especially Machine Learning)

e Data Provenance
Where does the data come from, how was it collected and can | trust it?

e Data Quality
Is the data error free?

e Data Bias
Does the data accurately reflect the population/situation | want to model? What is missing?

e Model Bias
Driven by Data Bias, or bad sampling — to what extent is my model biased by the training data?

e Model Comprehension
Why are the outputs of my (black box) models the way they are?

BTQ
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Decision Making Based on Analytics

Why Can’t You
Just Give Me
The Number?

An Executives Guide to Using Probabilistic
Thinking to Manage Risk and to Make Better
Decisions

Second Edition

Executives are not necessarily familiar with analytics

Analysts can find it difficult to present results as
compelling business cases

Managers must become comfortable with systematic

experimentation with rigorous controls to determine
cause and effect.

Use prescriptive analytics (outcome + action)

Revisit deployments in regular intervals

Dr Detlef Nauck: Best Practice Analytics, May 2017, presented at UK KDD 2017 Q



Challenges in Enterprises — Enable Best Practice Analytics

e Compute power for analysts (internal cloud instead of corporate laptops)

e Centrally configured environments with flexibility for individual
requirements (allow installation of tools and libraries)

e Use of Open Source and COTS tools for different analytic communities
e Support for teams and collaboration

e Reusability and sharing of work

e Preserve, version control, and quickly reproduce work

e Fast deployment of results and models

e Automation

Dr Detlef Nauck: Best Practice Analytics, May 2017, presented at UK KDD 2017



Cloud-based Tools — Versioning and Collaboration

EE] Notebook ~ & Archive C Re-run
resalts/ddassification, accuracy.vs_runtime (shpng

Search

trainModelpy methad=1 param=3

46m,53s Oct1602:31pm tim

trainModel.py method=1 param=4
46m, 245 Oct16023lpm  tim

trainModel.py method=1 param=5 : — = g : p——
46m,38s Oct1602:30pm  tim

trainModel.py method=2 param=1 o
2h,48m,26s Oct1601:19pm  bob

More experiments, all tracked Compare and discuss results
- Run experiments in parallel across your cluster Domino tracks code, data, parameters and
- Browse, search, and compare past results results — so you can compare experiments

- Code, data, results automatically tracked together and discuss ongoing progress.

(e
Y XDOMINO
=/

Domino — cloud based environment for analytics (Notebooks, RStudio), versioning,
collaboration, and deployment (http://dominodatalabs.com)

Dr Detlef Nauck: Best Practice Analytics, May 2017, presented at UK KDD 2017
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Cloud-based Tools — Versioning and Collaboration

o

e@\ & hitps;//cloud.sagemath.com/projects/5f219363-2465- O ~ @ C H d ||: p| @c..| & s| (5d s‘ @ x ‘ =V
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= Gatekeeper (@ heiseonline ] Help £ iDesk

x

Projects & Test

A WARNING: This project runs on a free server without internet access — leam more...

Eries @nNew Diog QFind  #Settings  m2016-09-29-000718.pynb
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Biver L = 116ms 2

x 00718 ipynb sag

'D TimeTravel M | M NaNyears ago, revision 22 (of 34)

OpenFile ‘D Revert live version

is

Detlef Nauck

ZJupyter 2016-08-29-000718

[1]: | import numpy as np

import matplotlib.pyplot as plt
[2]: |def £(t):

return np.exp{-t} * np.cos(2*np.pi*t}
[31: | t1
t2

np.arange (0.0,
np.arange (0.0,

5.0,
5.0,

0.1)
0.02)

[5]: plt.figure(l)

plt.subplet (211)
plt.plot(tl, £(tl), 'bo', t2,

£(£2), 'k'}

out[5]: [<matplotlib.lines.Line2D at 0x7f19abd77890>,
<matplotlib.lines.LineZD at 0x7£1%abd450d0>]

10
08

6
04
02

e
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. 6T Doty ) abonisbe W A et (51 Horrs @7 BT 7 £B - WHDLESAL - ..

ot (8 Test x
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SageMath: Jupyter Notebooks in the Cloud.

TimeTravel feature to restore previous versions

(http://sagemath.com).
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Literate Programming

The program logic is described in natural language interspersed with
traditional code from which compilable code can be generated
(Donald Knuth, 1992).

Tools:

— Jupyter Notebooks (or other flavours) based on Python supporting 50+ languages
— Knitr (R package for dynamic report generation, supported in Rstudio)

— R Markdown (based on knitr and pandoc) allows you to combine R code with
markdown (shorthand for HTML, like you can use in Jupyter) and compile the
documents into reports of different formats

— Rstudio 1.0 now provides a Notebook interface

Dr Detlef Nauck: Best Practice Analytics, May 2017, presented at UK KDD 2017

Literate
Programming

Donald E. Knuth
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In Conclusion

Write tests and assertions about your data
e Use cross-validation for modelling and evaluate models comprehensively
e Use prescriptive analytics and systematic experimentation for deployment

e Version, document and keep everything (data, code, tools, libraries,
successful and unsuccessful experiments, ...)

BTQ
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Trends in ML: Deep Networks

hidden layer

input layer /haxasc s output layer M u |t| Iayer Pe rceptron

& g - Trained through Backpropagation (invented in 1980s)
\Dlﬂ -

For large number of hidden layers training is slow

ihWeight,, = 0.01

AN
DN

\Noos

i 4886 : X
- ,m - Real world problems need many hidden units and a lot
From: = of labelled data

= iy /°-“ J - Advances through structured hidden layers, improved

/ B algorithms, specialised hardware (GPUs) and Big Data.
A~ / /D.ZZ
() /\//

ihWeight,; = 0.12 ‘\hslas: e

Convolution Pooling Convolution Pooling Fully Fully Output Predictions
+Rell +Rell Connected Connected

dog (0.01)
cat (0.04)
TO . boat (0.94)
. bird (0.02)
.rT. ",
[

Machine-learning “programmers” design the network structure with experience and by trial and error

© British Telecommunications plc Dr Detlef Nauck: Best Practice Analytics, May 2017, presented at UK KDD 2017 Q



Example: Combining Deep Networks

Vision Language
Deep CNN Generating RNN
.\\ m A group of people
0 shopping at an outdoor
. ‘ market.
0 —>
- S
.\\ /-/. There are many
@ vegetables at the
L fruit stand.

Yann LeCun, Yoshua Bengio, & Geoffrey Hinton (2015). Deep Learning, Nature, Vol. 521, (pp. 436-444)

A deep convolution neural
net (CNN) produces a set of
outputs (abstract “words")

A language-generating recurrent
neural net (RNN) “translates”
the abstract “words” into captions

© British Telecommunications plc
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Challenges with Deep Networks

Statistically impressive,
but individually unreliable

eball bat

Dr Detlef Nauck: Best Practice Analytics, May 2017, presented at UK KDD 2017



Challenges with Deep Networks

<1%

= BT AE
3 '?.&;a,"—j&} 4o
RO
A
)

',2;&(‘:;’-3 R

“Gibbon”
(99.3% confidence)

Inherent flaws can be exploited

© British Telecommunications plc
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Challenges with ML — New Application Areas

Example: Algorithms to Predict Likelihood of Criminal Conduct

’ EEO. Models assessing individuals are highly problematic

Home World US. Politics Economy Business Tech Markets Opinion Arts Life Real Estate Search Q
¢ Ll s ElEE B = «  Independent tests show that these algorithms only
s about 60%-70% correct.

Wisconsin Supreme Court to Rule on Predictive Algorithms Used

in Sentencing .. . T
g i i gl st i e . False positives can be devastating for individuals

. High risk for machine bias if features like race are used.
. Models are opaque and cannot be challenged.

. Itis illegal in the UK to use algorithms for assigning risk
to individuals (exception: credit score).

. New legislation: GDPR

http:/IwwWW 1€/ articles/wisconsin-supreme-cour®@<tie"on-predictive-
algorithms-used-in-sentencing-1465119008

Dr Detlef Nauck: Best Practice Analytics, May 2017, presented at UK KDD 2017 Q



Trends in ML: AutoML — Automatic (Automated) ML

Bayesian optimizer

{Xtraina Kraﬁin; data pre- feature :
—_
Xfﬁ-‘ih b? E} processor preprocessor

Auto-sklearn: a python package based on scikit-learn
« Bayesian optimisation is used to optimise hyper-parameters of learning algorithms

British Telecommunications plc Dr Detlef Nauck: Best Practice Analytics, May 2017, presented at UK KDD 2017 ‘



Trends in ML: AutoML — Automatic (Automated) ML

/ F\ Automated by TPOT >
&
TPOT
0712 10V01 o

*
Feature P
Selection \

201015V

— —. / \ 019709404°
f \ / _./ _»/
! ] | > Parameter Model
Raw Data | Data Cleanin 9 | Prepmcaessing Op'arrllzaton Validation )

N4

Y

}

TPOT: a python package based on scikit-learn
Uses genetic programming to test combinations of feature representations,
algorithms and hyper-parameters.
Produces scikit-learn pipeline of the best performing solution.

Dr Detlef Nauck: Best Practice Analytics, May 2017, presented at UK KDD 2017



The Automatic Statistician

(Zoubin Gharamani’s group, Cambridge, www.automaticstatistician.com)

. Idea:

— have a language that can describe arbitrarily

complicated models Mo )

— amethod to search over those models
— aprocedure to check model fit

e Sofar: Implementation for a grammar of Gaussian
Processes which can be used for Bayesian
Regression

An automatic report for the dataset : stovesmoke

e  Generates natural language report.

(A very basic version of) The Automatic Statistician

Evaluation Checking

I/\
S~

Language of models Description|
Prediction

Atoms of the language

Five base kernels. ..

AN |

.

Squared Periodic Linear Constant White
Abstract
exp. (SE) (PER) (LinN) (C) noise (WN)
“This is u rep
building linc:
of the d:
been used to rain a model on the same X 3 i . IOne
ispayingthe st il componenss (st Modelcisn echniqueshave ..encoding for the following types of functions
then been applied to attempt o find discrepancies between the model and data.
1 Brief description of data set b( LA — _
To confirm that 1 2d the data correctly a short summary of the data set follows. The — 9
2 is the column Totaldust. There are 6 input columns and 117 rows of
data. A summary of these variables is given in table | . . .
h o Smooth Periodic Linear Constant Gaussian
Name Minimum — Median _ Maximum . . N . . . N . .
[ Tomm T functions functions functions functions noise
TuelCV L4e+04  L.6e+04 3le+d
Inputfuel 07 L1 25
co 0.05 016 0s2 -
Outputk W 34 5.8 17 \
Efficiency 33 T 83
Dust e 90 le+03
Dr Detle DD 2017

Table 1: Summary statistics of data




The Third Wave in Al: XAl — Explainable Al

Machine Learning System
Cat

This is a cat:
* It has fur, whiskers, and claws.
* It has this feature:

This is a cat. > =
é@'ﬁ}&ﬁ K

Current Explanation XAl Explanation
Tod ay T Task
x « Why did you do that?
. Decision o * Why not something else?
Training Ma':h'_ne Learned Recommendation * Whendo you succeed?
Data [T LEMING ™ £ction + Whendo you fail?
Process * Whencan | trust you?
* How do | corect an error?
User
XAl T Task
x « | understand why
New « | understand why not
Training || Machine | | Explainable | Explanation « I knowwhen you succeed
Data Learning Model Interface * I know when you fail
Process * | knew when to trust you
+ | know why you emed
User

http:/Avww.darpa. mil/TGEFaR RS SIaTHA BTE ErtHRI AT heetigahte" <0 2017
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The Immediate Future
Home Automation and Intelligent Virtual Assistants

F

Style your Home.

With bases available in seven colors, you can make

Google Home fit with any space and decor.

Context aware question-answering virtual assistants BT@
with plugin-interfacesferappsithatprevide-new capabilities



