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preface

I've been fortunate to have worked with data and machine learning for about a
decade now. My background is in machine learning, and my PhD was focused on
applying machine learning in wireless networks. I have published papers (http://
mng.bz/zQR6) at leading conferences and journals on the topic of reinforcement
learning, convex optimization, and classical machine learning techniques applied to
5G cellular networks.

After completing my PhD, I began working in the industry as a data scientist and
machine learning engineer and gained experience deploying complex Al solutions
for customers across multiple industries, such as manufacturing, retail, and finance. It
was during this time that I realized the importance of interpretable Al and started
researching it heavily. I also started to implement and deploy interpretability tech-
niques in real-world scenarios for data scientists, business stakeholders, and experts to
get a deeper understanding of machine-learned models.

I wrote a blog post (http://mng.bz/0wnE) on interpretable Al and coming up
with a principled approach to building robust, explainable Al systems. The post got a
surprisingly large response from data scientists, researchers, and practitioners from a
wide range of industries. I also presented on this subject at various Al and machine
learning conferences. By putting my content in the public domain and speaking at
leading conferences, I learned the following:

I wasn’t the only one interested in this subject.
I was able to get a better understanding of what specific topics are of interest to
the community.


https://shortener.manning.com/zQR6
https://shortener.manning.com/zQR6
https://shortener.manning.com/0wnE

xiv

PREFACE

These learnings led to the book that you are reading now. You can find a few
resources available to help you stay abreast of interpretable Al, like survey papers,
blog posts, and one book, but no single resource or book covers all the important
interpretability techniques that would be valuable for Al practitioners. There is also
no practical guide on how to implement these cutting-edge techniques. This book
aims to fill that gap by first providing a structure to this active area of research and
covering a broad range of interpretability techniques. Throughout this book, we will
look at concrete real-world examples and see how to build sophisticated models and
interpret them using state-of-the-art techniques.

I strongly believe that as complex machine learning models are being deployed in
the real world, understanding them is extremely important. The lack of a deep under-
standing can result in models propagating bias, and we’ve seen examples of this in
criminal justice, politics, retail, facial recognition, and language understanding. All of
this has a detrimental effect on trust, and, from my experience, this is one of the main
reasons why companies are resisting the deployment of Al. I'm excited that you also
realize the importance of this deep understanding, and I hope you learn a lot from
this book.
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about this book

Interpretable Al is written to help you implement state-of-the-art interpretability tech-
niques for complex machine learning models and to build fair and explainable Al sys-
tems. Interpretability is a hot topic in research, and only a few resources and practical
guides cover all the important techniques that would be valuable for practitioners in
the real world. This book aims to address that gap.

Who should read this book

Interpretable Al is for data scientists and engineers who are interested in gaining a
deeper understanding of how their models work and how to build fair and unbiased
models. The book should also be useful for architects and business stakeholders who
want to understand models powering Al systems to ensure fairness and protect the
business’s users and brand.

How this book is organized: a roadmap

The book has four parts that cover nine chapters.
Part 1 introduces you to the world of interpretable Al:

Chapter 1 covers different types of Al systems, defines interpretability and its
importance, discusses white-box and black-box models, and explains how to
build interpretable Al systems.

Chapter 2 covers white-box models and how to interpret them, specifically
focusing on linear regression, decision trees, and generalized additive models
(GAMs).

xvii
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Part 2 focuses on black-box models and understanding how the model processes the
inputs and arrives at the final prediction:

Chapter 3 covers a class of black-box models called tree ensembles and how to
interpret them using post hoc model-agnostic methods that are global in scope,
such as partial dependence plots (PDPs) and feature interaction plots.

Chapter 4 covers deep neural networks and how to interpret them using post
hoc model-agnostic methods that are local in scope, such as local interpretable
model-agnostic explanations (LIME), SHapley Additive exPlanations (SHAP),
and anchors.

Chapter 5 covers convolutional neural networks and how to visualize what the
model is focusing on using saliency maps, specifically focusing on techniques such
as gradients, guided backpropagation, gradient-weighted class activation mapping

(Grad-CAM), guided Grad-CAM, and smooth gradients (SmoothGrad).

Part 3 continues to focus on black-box models but moves to understanding what fea-
tures or representations have been learned by them:

Chapter 6 covers convolutional neural networks and how to dissect them to
understand representations of the data that are learned by the intermediate or
hidden layers in the neural network.

Chapter 7 covers language models and how to visualize high-dimensional repre-
sentations learned by them using techniques like principal component analysis
(PCA) and t-distributed stochastic neighbor embedding (t-SNE).

Part 4 focuses on fairness and bias and paves the way for explainable Al:

Chapter 8 covers various definitions of fairness and ways to check whether mod-
els are biased. It also discusses techniques for mitigating bias and a standardizing
approach of documenting datasets using datasheets that will help improve trans-
parency and accountability with the stakeholders and users of the Al system.

Chapter 9 paves the way for explainable Al by understanding how to build such
systems and also covers contrastive explanations using counterfactual examples.

About the code

This book contains many examples of source code. In most cases, source code is for-
matted in a fixed-width font like this to separate it from ordinary text.

In many cases, the original source code has been reformatted; we’ve added line
breaks and reworked indentation to accommodate the available page space in the
book. In rare cases, even this was not enough, and listings include line-continuation
markers (=). Additionally, comments in the source code have often been removed
from the listings when the code is described in the text. Code annotations accompany
many of the listings, highlighting important concepts.

You can get executable snippets of code from the liveBook (online) version of this
book at https://livebook.manning.com/book/interpretable-ai. The complete code


https://livebook.manning.com/book/interpretable-ai
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for the examples in the book is available for download from the Manning website at
https://www.manning.com/books/interpretable-ai and from GitHub at https://
github.com/thampiman/interpretable-ai-book.

liveBook discussion forum

Purchase of Interpretable Al includes free access to liveBook, Manning’s online reading
platform. Using liveBook’s exclusive discussion features, you can attach comments to
the book globally or to specific sections or paragraphs. It’s a snap to make notes for your-
self, ask and answer technical questions, and receive help from the author and other users.
To access the forum, go to https://livebook.manning.com/forum?product=thampi&p
=1&page=1. You can also learn more about Manning’s forums and the rules of conduct
at https://livebook.manning.com/discussion.

Manning’s commitment to our readers is to provide a venue where a meaningful
dialogue between individual readers and between readers and the author can take
place. It is not a commitment to any specific amount of participation on the part of
the author, whose contribution to the forum remains voluntary (and unpaid). We sug-
gest you try asking the author some challenging questions lest his interest stray! The
forum and the archives of previous discussions will be accessible from the publisher’s
website as long as the book is in print.
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Part 1

Interpretability basics

rI:lis partwill introduce you to the world of interpretable Al In chapter 1, you
will learn about different types of Al systems, interpretability and its importance,
white-box and black-box models, and how to build interpretable Al systems.

In chapter 2, you will learn about characteristics that make white-box models
inherently transparent and black-box models inherently opaque. You’ll learn
how to interpret simple white-box models, such as linear regression and decision
trees and then switch gears to focus on generalized additive models (GAMs).
You’ll also learn about the properties that give GAMs high predictive power and
how to interpret them. GAMs have very high predictive power and are highly
interpretable too, so you get more bang for your buck by using GAMs.
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Intmductﬁm

This chapter covers

Different types of machine learning systems
How machine learning systems are built
What interpretability is and its importance
How interpretable machine learning systems
are built

A summary of interpretability techniques covered
in this book

Welcome to this book! I'm really happy that you are embarking on this journey
through the world of Interpretable AI, and I look forward to being your guide. In the
last five years alone, we have seen major breakthroughs in the field of artificial
intelligence (AI), especially in areas such as image recognition, natural language
understanding, and board games like Go. As Al augments critical human decisions
in industries like healthcare and finance, it is becoming increasingly important that
we build robust and unbiased machine learning models that drive these Al systems.
In this book, I wish to give you a practical guide to interpretable Al systems and
how to build them. Through a concrete example, this chapter will explain why
interpretability is important and will lay the foundations for the rest of the book.
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1.2

CHAPTER 1 Introduction

Diagnostics+ Al—an example Al system

Let’s now look at a concrete example of a healthcare center called Diagnostics+ that
provides a service to help diagnose different types of diseases. Doctors who work for
Diagnostics+ analyze blood smear samples and provide their diagnoses, which can be
either positive or negative. This current state of Diagnostics+ is shown in figure 1.1.

oY J0

. Doctor
Figure 1.1 Current

Blood smear sample Diagnosis state of Diagnostics+

The problem with the current state is that the doctors are manually analyzing the
blood smear samples. With a finite set of resources, diagnosis, therefore, takes a con-
siderable amount of time. Diagnostics+ would like to automate this process using Al
and diagnose more blood samples so that patients get the right treatment sooner. This
future state is shown in figure 1.2.

Blood smear sample Diagnosis Diagnosis is negative

with 88% certainty.

Diagnostics+

0 *Y J0

Doctor

Al

Diagnosis is positive
with 70% certainty.

Diagnosis is neutral
with 50% certainty.

Diagnosis is negative
with 99% certainty.

Figure 1.2 Future state of Diagnostics+

The goal for Diagnostics+ Al is to use images of blood smear samples with other
patient metadata to provide diagnoses—positive, negative, or neutral—with a confi-
dence measure. Diagnostics+ would also like to have doctors in the loop to review the
diagnoses, especially the harder cases, thereby allowing the Al system to learn from
mistakes.

Types of machine learning systems

We can use three broad classes of machine learning systems to drive Diagnostics+ Al:
supervised learning, unsupervised learning, and reinforcement learning.
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Representation of data

Let’s first see how to represent the data that a machine learning system can under-
stand. For Diagnostics+, we know that there’s historical data of blood smear samples in
the form of images and patient metadata.

How do we best represent the image data? This is shown in figure 1.3. Suppose the
image of a blood smear sample is a colored image of size 256 x 256 pixels consisting of
three primary channels: red (R), green (G), and blue (B). We can represent this RGB
image in mathematical form as three matrices of pixel values, one for each channel
and each of size 256 x 256. The three two-dimensional matrices can be combined into
a multidimensional matrix of size 256 x 256 x 3 to represent the RGB image. In gen-
eral, the dimension of the matrix representing an image is of the following form:
{number of pixels vertically} x {number of pixels horizontally} x {number of channels}.

Red channel Green channel
0 232 ... 124 0 136 ... 212
255 0 59 145 9 78
. 212 8 64 255 0 89
RGB image
256 x 256 256 x 256
256 pixels Imageps Blue channel
representation
4 224 ... 243
P 198 0 65
256 pixels
178 3 66
256 x 256

Figure 1.3 Representation of a blood smear sample image

Now, how do we best represent the patient metadata? Suppose that the metadata con-
sists of information such as the patient identifier (ID), age, sex, and the final diagno-
sis. The metadata can be represented as a structured table, as shown in figure 1.4, with
N columns and M rows. We can easily convert this tabular representation of the meta-
data into a matrix of dimension M x N. In figure 1.4, you can see that the Patient Id,
Sex, and Diagnosis columns are categorical and have to be encoded as integers. For
instance, the patient ID “AAABBCC” is encoded as integer 0, sex “M” (for male) is
encoded as integer 0, and diagnosis “Positive” is encoded as integer 1.
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N columns
A
f )
AAABBCC 53 M e Positive
AABBCDD 34 F e Negative
M rows
ZZFFXYYY 65 F . Negative

Metadata
representation

Figure 1.4 Representation of tabular patient metadata

Supetrvised learning

The objective of supervised learning is to learn a mapping from an input to an output
based on example input-output pairs. It requires labeled training data where inputs
(also known as features) have a corresponding label (also known as a target). How is
this data represented? The input features are typically represented using a multidi-
mensional array data structure or mathematically as a matrix X. The output or target
is represented as a single-dimensional array data structure or mathematically as a vec-
tor y. The dimension of matrix Xis typically m x n, where m represents the number of
examples or labeled data and n represents the number of features. The dimension of
vector yis typically m x I where m again represents the number of examples or labels.
The objective is to learn a function fthat maps from input features X to the target y.
This is shown in figure 1.5.

In figure 1.5, you can see that with supervised learning, you are learning a function
Jthat takes in multiple input features represented as X and provides an output that
matches known labels or values, represented as the target variable y. The bottom half
of the figure shows an example where a labeled dataset is given, and through super-
vised learning, you are learning how to map the input features to the output.
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The model learns a mapping from the input
features to the target variable.

Labeled data Target prediction
ECnm
ID label prediction
0 53 ... | 0 1 <:> 1
99 65 ... 1 0 0
X y f(X)

| t

The model learns a mapping from the input patient Figure 1.5 lllustration
features to the diagnosis based on the ground truth labels. of supervised learning

The function fis a multivariate function—it maps from multiple input variables or fea-
tures to a target. Two broad classes of supervised learning problems follow:

Regression—The target vector yis continuous. For example, predicting the price
of a house at a location in U.S. dollars is a regression type of learning problem.
Classification—The target variable y is discrete and bounded. For example,
predicting whether or not an email is spam is a classification type of learning
problem.

Unsupervised learning

In unsupervised learning, the objective is to learn a representation of the data that
best describes it. There is no labeled data, and the goal is to learn some unknown pat-
tern from the raw data. The input features are represented as a matrix X, and the sys-
tem learns a function fthat maps from X to a pattern or representation of the input
data. This is depicted in figure 1.6. An example of unsupervised learning is clustering,
where the goal is to form groups or clusters of data points with similar properties or
characteristics. This is shown in the bottom half of the figure. The unlabeled data con-
sists of two features and the datapoints are shown in 2-D space. There are no known
labels, and the objective of an unsupervised learning system is to learn latent patterns
present in the data. In this illustration, the system learns how to map the raw data
points into clusters based on their proximity or similarity to each other. These clusters
are not known beforehand because the dataset is unlabeled and, hence the learning is
entirely unsupervised.
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The model learns a representation
of the input data.

Unlabeled data Clustered data
Cluster 3

x X x
X Xx x X x
x Xx
Y Cluster 1
X Xy XX
X % xx X f(X) Cluster 4
X x XX
x
X Joc X% Ky
Xx
Cluster 2

Mapping of raw Figure 1.6 lllustration of
data to clusters unsupervised learning

Reinforcement learning

Reinforcement learning consists of an agent that learns by interacting with an envi-
ronment, as shown in figure 1.7. The learning agent takes an action within the
environment and receives a reward or penalty, depending on the quality of the action.
Based on the action taken, the agent moves from one state to another. The overall
objective of the agent is to maximize the cumulative reward by learning a policy function
Jfthat maps from an input state to an action. Some examples of reinforcement learning
are a robot vacuum cleaner learning the best path to take to clean a home and an
artificial agent learning how to play board games like chess and Go.

The bottom half of figure 1.7 illustrates a reinforcement learning system. The sys-
tem consists of a robot (agent) in a maze (environment). The objective of the learning

Environment

uonody

Reward
State

The model learns an optimum
action to take given a state.

Robot agent in
the maz% i T A;The maze is the

environment.

four actions—move vt

o Left *

:nght "1 Finishing line/
Up end state

*Down /
Figure 1.7 An illustration
Optimum policy or set of actions of reinforcement learning

The agent can take R ‘
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agentis to determine the optimum set of actions to take so that it can move from its cur-
rentlocation to the finishing line (end state), indicated by the green star. The agent can
take one of four actions: move left, right, up, or down.

Machine learning system for Diagnostics+ Al

Now that you know the three broad types of machine learning systems, which system is
most applicable for Diagnostics+ AI? Given that the dataset is labeled, and you know
from historical data what diagnosis was made for a patient and blood sample, the
machine learning system that can be used to drive Diagnostics+ Al is supervised learning.

What class of supervised learning problem is it? The target for the supervised
learning problem is the diagnosis, which can be either positive or negative. Because
the target is discrete and bounded, it is a classification type of learning problem.

Primary focus of the book

This book primarily focuses on supervised learning systems where labeled data is
present. | will teach you how to implement interpretability techniques for both regres-
sion and classification types of problems. Although this book does not explicitly cover
unsupervised learning or reinforcement learning systems, the techniques learned in
this book can be extended to them.

Building Diagnostics+ Al
Now that we’ve identified that Diagnostics+ Alis going to be a supervised learning system,
how do we go about building it? The typical process goes through three main phases:

Learning
Testing
Deploying

In the learning phase, illustrated in figure 1.8, we are in the development environ-
ment, where we use two subsets of the data called the training set and the dev set. As
the name suggests, the training set is used to train a machine learning model to learn
the mapping function ffrom the input features X (in this case, the image of the blood
sample and metadata) to the target y (in this case, the diagnosis). Once we’ve trained
the model, we use the dev set for validation purposes and tune the model based on
the performance on that dev set. Tuning the model entails determining the optimum

Historical data L Training and cross-validation

0w gy - P

Development

Figure 1.8 Process of building an Al system—Ilearning phase
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parameters for the model, called hyperparameters, that give the best performance. This
is quite an iterative process, and we continue doing this until the model reaches an
acceptable level of performance.

In the testing phase, illustrated in figure 1.9, we now switch over to the test envi-
ronment where we use a subset of the data called the fest set, which is different from
the training set. The objective is to obtain an unbiased assessment of the accuracy of
the model. Stakeholders and experts (in this case, doctors) would at this point evalu-
ate the functionality of the system and performance of the model on the test set. This
additional testing, called user acceptance testing (UAT), is the final stage in the devel-
opment of any software system. If the performance is not acceptable, then we go back
to phase 1 to train a better model. If the performance is acceptable, then we move on
to phase 3, which is deploying.

Historical data L Training and cross-validation

O LEARNING ULl lef el W \/;|idation
dev sets [

Development

Figure 1.9 Process of building an Al system—testing phase

Finally, in the deploying phase, we now deploy the learned model into the production
system where the model is now exposed to new data thatit hasn’t seen before. The com-
plete process is illustrated in figure 1.10. In the case of Diagnostics+ Al, this data would
be new blood samples and patient information that the model will use to predict
whether the diagnosis is positive or negative with a confidence measure. This informa-
tion is then consumed by the expert (the doctor) and in turn the end user (the patient).
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Figure 1.10 Process of building an Al system—complete
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Gaps in Diagnostics+ Al

Figure 1.10 shows some major gaps in the Diagnostics+ Al system. This Al system does
not safeguard against some common issues for which the deployed model does not
behave as expected in the production environment. These issues could have a detri-
mental effect on the business of the diagnostics center. The common issues follow:

Data leakage
Bias
Regulatory noncompliance

Concept drift

Data leakage

Data leakage happens when features in the training, dev, and test sets unintentionally
leak information that would otherwise not appear in the production environment
when the model is scored on new data. For Diagnostics+, suppose we use notes made
by the doctor about the diagnosis as a feature or input for our model. While evaluat-
ing the model using the test set, we could get inflated performance results, thereby
tricking ourselves into thinking we’ve built a great model. The notes made by the doc-
tor could contain information about the final diagnosis, which would leak informa-
tion about the target variable. This problem, if not detected earlier, could be
catastrophic once the model is deployed into production—the model is scored before
the doctor has had a chance to review the diagnosis and add their notes. Therefore,
the model would either crash in production because the feature is missing or would
start to make poor diagnoses.

A classic case study of data leakage is the KDD Cup Challenge (https://www.kdd
.org/kdd-cup/view/kdd-cup-2008) of 2008. The objective of this machine learning
competition based on real data was to detect whether a breast cancer cell was benign
or malignant based on X-ray images. A study (http://kdd.org/exploration_files/
KDDCup08-P1.pdf) showed that teams that scored the most on the test set for this
competition used a feature called Patient ID, which was an identifier generated by the
hospital for the patient. It turned out that some hospitals used the patient ID to indi-
cate the severity of the condition of the patient when they were admitted to the hospi-
tal, which, therefore, leaked information about the target variable.

Bias

Bias is when the machine learning model makes an unfair prediction that favors one
person or group over another. This unfair prediction could be caused by the data or the
model itself. There may be sampling biases in which systematic differences exist
between the data sample used for training and the population. Systemic social biases,
which the model picks up on, may also be inherent in the data. The trained model
could also be flawed—it may have some strong preconceptions despite evidence to the
contrary. For the case of Diagnostics+ Al, if there is sampling bias, for instance, the


https://www.kdd.org/kdd-cup/view/kdd-cup-2008
https://www.kdd.org/kdd-cup/view/kdd-cup-2008
https://www.kdd.org/kdd-cup/view/kdd-cup-2008
http://kdd.org/exploration_files/KDDCup08-P1.pdf
http://kdd.org/exploration_files/KDDCup08-P1.pdf
http://kdd.org/exploration_files/KDDCup08-P1.pdf

12

143

144

1.5

CHAPTER 1 Introduction

model could make more accurate predictions for one group and not generalize well to
the whole population. This is far from ideal because the diagnostics center wants the
new Al system to be used for every patient, regardless of which group they belong to.

A classic case study of machine bias is the COMPAS Al system used by U.S. courts
to predict future criminals. The study was conducted by ProPublica (http://mng
.bz/7TWw4). (The webpage contains links to the analysis and dataset.) ProPublica
obtained the COMPAS scores for 7,000 people who had been arrested in a county in
Florida in 2013 and 2014. Using the scores, they found out that they could not accu-
rately predict the recidivism rate (i.e., the rate at which a convicted person reof-
fends)—only 20% of the people who were predicted to commit violent crimes actually
did so. More importantly, they uncovered serious racial biases in the model.

Regulatory noncompliance

The General Data Protection Regulation (GDPR; https://gdpr.eu/) is a comprehen-
sive set of regulations adopted by the European Parliament in 2016 that deals with how
data is collected, stored, and processed by foreign companies. The regulation contains
article 17 (https://gdpr-info.eu/ art—l7—gdpr/ )—the “right to be forgotten”™—where
individuals can request a company collecting their data to erase all their personal data.
The regulation also contains article 22 (https://gdpr-info.eu/art-22-gdpr/), under
which individuals can challenge decisions made by an algorithm or Al system using
their personal data. This regulation presses the need for providing an interpretation or
explanation for why the algorithm made a particular decision. The current Diagnos-
tics+ Al system does not comply with both sets of regulations. In this book, we are more
concerned with article 22 because there are a lot of online resources on how to be com-
pliant with article 17.

Concept drift

Concept drift happens when the properties or the distribution of the data in a pro-
duction environment has changed when compared to the historical data used to train
and evaluate the model. For Diagnostics+ Al, this could happen if new profiles of
patients or diseases emerge that aren’t captured in the historical data. When concept
drift happens, we observe a dip in the performance of the machine learning model in
production over time. The current Diagnostics+ Al system does not properly deal with
concept drift.

Building a robust Diagnostics+ Al system

How do we address all the gaps highlighted in section 1.4 and build a robust Diagnos-
tics+ Al system? We need to tweak the process. First, as shown in figure 1.11, we add a
model understanding phase after the testing phase and before deploying.

The purpose of this new understanding phase is to answer the important how ques-
tion—how did the model come up with a positive diagnosis for a given blood sample?
This involves interpreting the important features for the model and how they interact
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Figure 1.11 Process of building a robust Al system—understanding phase

with each other, interpreting what patterns the model learned, understanding the
blind spots, checking for bias in the data, and ensuring those biases are not propa-
gated by the model. This understanding phase should ensure that the Al system is
safeguarded against the data leakage and bias issues highlighted in sections 1.4.1 and
1.4.2, respectively.

The second change is to add an explaining phase after deploying, as shown in fig-
ure 1.12. The purpose of the explaining phase is to interpret how the model came up
with the prediction on new data in the production environment. Interpreting the pre-
diction on new data allows us to expose that information, if needed, to expert users of
the system who challenge the decision made by the deployed model. Another purpose
is to come up with a human-readable explanation so that it can be exposed to wider
end users of the Al system. By including the interpretation step, we will be able to
address the regulatory noncompliance issue highlighted in section 1.4.3.
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Figure 1.12 Process of building a robust Al—explaining phase
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Finally, to address the concept drift issue highlighted in section 1.4.4, we need to add
a monitoring phase in the production environment. This complete process is shown in
figure 1.13. The purpose of the monitoring phase is to track the distribution of the
data in the production environment as well as the performance of the deployed
model. If any change occurs in data distribution or model performance dips, we will
need to go back to the learning phase and incorporate the new data from the produc-
tion environment to retrain the models.

Primary focus of the book

This book primarily focuses on the interpretation step in the understanding and
explaining phases. | intend to teach you various interpretability techniques that you
can apply to answer the important how question and address the data leakage, bias,
and regulatory noncompliance issues. Although explainability and monitoring are
important steps in the process, they are not the primary focus of this book. It is also
important to distinguish between interpretability and explainability. This is addressed
in the following section.

Development

Production

Figure 1.13 Process of building a robust Al system—complete

1.6

Interpretability vs. explainability

Interpretability and explainability are sometimes used interchangeably, but it is import-
ant to make a distinction between the two terms.

Interpretability is all about understanding the cause and effect within an Al system. It
is the degree to which we can consistently estimate what a model will predict given an
input, understand how the model came up with the prediction, understand how the
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prediction changes with changes in the input or algorithmic parameters, and finally,
understand when the model has made a mistake. Interpretability is mostly discernible
by experts who are building, deploying, or using the Al system, and these techniques
are building blocks that will help us get to explainability.

Explainability, on the other hand, goes beyond interpretability in that it helps us
understand in a human-readable form how and why a model came up with a predic-
tion. It explains the internal mechanics of the system in human terms, with the intent
to reach a much wider audience. Explainability requires interpretability as a building
block and also looks to other fields and areas, such as human-computer interaction
(HCI), law, and ethics. In this book, I will focus more on interpretability and less on
explainability. We have a lot to cover within interpretability itself, but it should give
you a solid foundation to be able to later build an explainable Al system.

You should be aware of four different personas when you consider interpretability.
They are the data scientist or engineer who is building the Al system, the business stake-
holder who wants to deploy the Al system for their business, the end user of the Al sys-
tem, and finally the expert or regulator who monitors or audits the health of the Al
system. Note that interpretability means different things to these four personas, as
described next:

For a data scientist or engineer, it means gaining a deeper understanding of how
the model made a particular prediction, which features are important, and how
to debug issues by analyzing cases where the model did badly. This understand-
ing helps the data scientist build more robust models.

For a business stakeholder, it means understanding how the model made a deci-
sion so as to ensure fairness and protect the business’s users and brand.

For an end wuser, it means understanding how the model made a decision and
allowing for meaningful challenge if the model made a mistake.

For an expert or regulator, it means auditing the model and the Al system and fol-
lowing the decision trail, especially when things went wrong.

Types of interpretability techniques

Figure 1.14 summarizes various types of interpretability techniques. Intrinsic interpret-
ability techniques are related to machine learning models with a simple structure, also
called white-box models. White-box models are inherently transparent, and interpreting
the internals of the model is straightforward. Interpretability comes right out of the
box for such models. Post hoc interpretability techniques are usually applied after
model training and are used to interpret and understand the importance of certain
inputs for the model prediction. Post hoc interpretability techniques are suited for
white-box and black-box models, that is, models that are not inherently transparent.
Interpretability techniques can also be model-specific or model-agnostic. Model-
specific interpretability techniques, as the name suggests, can be applied only to certain
types of models. Intrinsic interpretability techniques are model-specific by nature
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Figure 1.14 Types of interpretability techniques

because the technique is tied to the specific structure of the model being used. Model-
agnostic interpretability techniques, however, are not dependent on the specific type
of model being used. They can be applied to any model because they are independent
of the internal structure of the model. Post-hoc interpretability techniques are mostly
model-agnostic by nature.

Interpretability techniques can also be local or global in scope. Local interpretabil-
ity techniques aim to give a better understanding of the model prediction for a spe-
cific instance or example. Global interpretability techniques, on the other hand, aim to
give a better understanding of the model as a whole—the global effects of the input
features on the model prediction. We cover all of these types of techniques in this
book. Now let’s take a look at what specifically you will learn.

What will I learn in this book?

Figure 1.15 depicts a map of all the interpretability techniques you will learn in this
book. When interpreting supervised learning models, it is important to distinguish
between white-box and black-box models. Examples of white-box models are linear
regression, logistic regression, decision trees, and generalized additive models
(GAMs). Examples of black-box models include tree ensembles, like random forest
and boosted trees, and neural networks. White-box models are much easier to inter-
pret than black-box models. On the other hand, black-box models have much higher
predictive power than white-box models. So, we need to make a trade-off between pre-
dictive power and interpretability. It is important to understand the scenarios in which
we can apply white-box and black-box models.

In chapter 2, you’ll learn about characteristics that make white-box models inher-
ently transparent and black-box models inherently opaque. You'll learn how to inter-
pret simple white-box models, such as linear regression and decision trees, and then
we’ll switch gears to focus on GAMs. GAMs have high predictive power and are highly
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interpretable, too, so they offer more bang for the buck than GAMs. You’'ll learn
about the properties that give GAMs power and how to interpret them. At the time of
writing, there are not a lot of practical resources on GAMs to give a good understand-
ing of the internals of the model and how to interpret them. To address this gap, we
pay a lot of attention to GAMs in chapter 2. The rest of the chapters focus on black-
box models.

We can interpret black-box models in two ways. One way is to interpret model pro-
cessing, that is, to understand how the model processes the inputs and arrives at the
final prediction. Chapters 3 to 5 focus on interpreting model processing. The other
way is to interpret model representations, which is applicable only to deep neural net-
works. Chapters 6 and 7 focus on interpreting model representations with the goal of
understanding what features or patterns have been learned by the neural network.

HIGH Interpretability LOW
LOW Predictive power HIGH
White-box models Black-box models
CHAPTER 2 CHAPTER 2

Linear/logistic Decision
regression tree

Tree
ensembles

Interpreting model Interpreting model
processing representations
Global Local Saliency Understanding Understanding
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CHAPTER 3 CHAPTER 4 CHAPTER 5 units similarity
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'

Fairness and
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Figure 1.15 Map of interpretability techniques covered in this book
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In chapter 3, we focus on a class of black-box models called tree ensembles. You'll
learn about their characteristics and what makes them “black box.” You will also learn
how to interpret them using post hoc model-agnostic methods that are global in
scope. We will focus specifically on partial dependence plots (PDPs), individual condi-
tional expectation (ICE) plots, and feature interaction plots.

In chapter 4, we focus on deep neural networks, specifically the vanilla fully connected
neural networks. You’ll learn about characteristics that make these models black box and
also how to interpret them using post hoc model-agnostic methods that are local in
scope. You’ll specifically learn about techniques such as local interpretable model-
agnostic explanations (LIME), SHapley Additive exPlanations (SHAP), and anchors.

In chapter 5, we focus on convolutional neural networks, which is a more
advanced form of architecture used mainly for visual tasks such as image classification
and object detection. You’ll learn how to visualize what the model is focusing on using
saliency maps. You’ll also learn techniques such as gradients, guided backpropagation
(backprop for short), gradient-weighted class activation mapping (grad-CAM), guided
grad-CAM, and smooth gradients (SmoothGrad).

In chapters 6 and 7, we focus on convolutional neural networks and neural net-
works used for language understanding. You’ll learn how to dissect the neural networks
and understand what representations of the data are learned by the intermediate or
hidden layers in the neural network. You’ll also learn how to visualize high-dimensional
representations learned by the model using techniques like principal component anal-
ysis (PCA) and t-distributed stochastic neighbor embedding (t-SNE).

The book ends on the topic of building fair and unbiased models and learning
what it takes to build explainable Al systems. In chapter 8, you’ll learn about various
definitions of fairness and how to check whether your model is biased. You’ll also
learn techniques to mitigate bias using a neutralizing technique. We discuss a stan-
dardizing approach to documenting datasets using datasheets that help improve
transparency and accountability with the stakeholders and users of the system. In
chapter 9, we pave the way for explainable Al by teaching how to build such systems,
and you’ll also learn about contrastive explanations using counterfactual examples.
By the end of this book, you will have various interpretability techniques in your tool-
kit. When it comes to model understanding, there is, unfortunately, no silver bullet.
No one interpretability technique is applicable for all scenarios. You, therefore, need
to look at the model using a few different lenses by applying multiple interpretability
techniques. In this book, I help you identify the right tools for the right scenarios.

What tools will | be using in this book?

In this book, we will implement the models and the interpretability techniques in the
Python programming language. The main reason I chose Python is because most of the
state-of-the-art interpretability techniques are created and actively developed in this
language. Figure 1.16 gives an overview of the tools used in this book. For representing
data, we will be using Python data structures and common data science libraries such as
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Pandas and NumPy. To implement white-box models, we will use the Scikit-Learn library
for simpler linear regression and decision trees, and pyGAM for GAMs. For black-box
models, we will use Scikit-Learn for tree ensembles and PyTorch or TensorFlow for neural
networks. For interpretability techniques used to understand model processing, we will
use the Matplotlib library for visualization and open source libraries that implement
techniques such as PDP, LIME, SHAP, anchors, gradients, guided backprop, grad-CAM and
SmoothGrad. To interpret model representations, we will employ tools that implement
NetDissectand tSNE and visualize them using the Matplotliblibrary. Finally, for mitigating
bias, we will use PyTorch and TensorFlowto implement the bias-neutralizing technique and
GAN:Ss for adversarial debiasing.

[DEE]
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| Scikit-Learn | | pyGAM |

| Scikit-Learn | |PyTorch | |TensorFIow|
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Fairness and bias | PyTorch | | TensorFIowl

Figure 1.16 An overview of the tools used in this book

What do I need to know before reading this book?

This book is primarily focused on data scientists and engineers with experience pro-
gramming in Python. A basic knowledge of common Python data science libraries
such as NumPy, Pandas, Matplotlib, and Scikit-Learn will help, although this is not
required. The book will show you how to use these libraries to load and represent data
but will not give you an in-depth understanding of them, because it is beyond the
scope of this book.

The reader must be familiar with linear algebra, specifically vectors and matrices,
and operations on them, such as dot product, matrix multiplication, transpose, and
inversion. The reader must also have a good foundation in probability theory and sta-
tistics, specifically on the topics of random variables, basic discrete and continuous
probability distributions, conditional probability, and Bayes’ theorem. Basic knowledge
of calculus is also expected, specifically single-variable and multivariate functions and
specific operations on them such as derivatives (gradients) and partial derivatives.
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Although this book does not focus too much on the mathematics behind model inter-
pretability, having this basic mathematical foundation is expected of data scientists and
engineers interested in building machine learning models.

Basic knowledge of machine learning or practical experience training machine
learning models is a plus, although this is not a hard requirement. This book does not
cover machine learning in great depth because a lot of resources and books do justice
to this topic. The book will, however, give you a basic understanding of the specific
machine learning models being used and also show you how to train and evaluate
them. The main focus is on the theory related to interpretability and how you can
implement techniques to interpret the model after you have trained it.

Summary

Three broad types of machine learning systems exist: supervised learning, unsu-
pervised learning, and reinforcement learning. This book focuses on interpret-
ability techniques for supervised learning systems that include both regression
and classification types of problems.

When building Al systems, it is important to add interpretability, model under-
standing, and monitoring to the process. If you don’t, you could experience
disastrous consequences such as data leakage, bias, concept drift, and a general
lack of trust. Moreover, with the GDPR, we have legal reasons for including
interpretability in our Al processes.

It is important to understand the difference between interpretability and
explainability.

Interpretability is the degree to which we can consistently estimate what a
model will predict, understand how the model came up with the prediction,
and understand when the model has made a mistake. Interpretability tech-
niques are building blocks that will help you get to explainability.
Explainability goes beyond interpretability in that it helps us understand how
and why a model came up with a prediction in a human-readable form. It
makes use of interpretability techniques and also looks to other fields and
areas, such as human-computer interaction (HCI), law, and ethics.

You need to be mindful of different personas using or building the AI system,
because interpretability means different things to different people.
Interpretability techniques can be intrinsic or post hoc, model-specific or
model-agnostic, local or global.

Models that are inherently transparent are called white-box models, and mod-
els that are inherently opaque are called black-box models. White-box models
are much easier to interpret but generally have lower predictive power than
black-box models.

Black-box models offer two broad classes of interpretability techniques: one
that’s focused on interpreting the model processing and another that’s focused
on interpreting the representation learned by the model.
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This chapter covers

Characteristics that make white-box models
inherently transparent and interpretable

How to interpret simple white-box models such as
linear regression and decision trees

What generalized additive models (GAMs) are and
their properties that give them high predictive power
and high interpretability

How to implement and interpret GAMs

What black-box models are and their characteristics
that make them inherently opaque

To build an interpretable Al system, we must understand the different types of
models that we can use to drive the Al system and techniques that we can apply to
interpret them. In this chapter, I cover three key white-box models—linear regres-
sion, decision trees, and generalized additive models (GAMs)—that are inherently
transparent. You will learn how they can be implemented, when they can be
applied, and how they can be interpreted. I also briefly introduce black-box mod-
els. You will learn when they can be applied and their characteristics that make

21
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them hard to interpret. This chapter focuses on interpreting white-box models, and
the rest of the book will be dedicated to interpreting complex black-box models.

In chapter 1, you learned how to build a robust, interpretable Al system. The pro-
cess is shown again in figure 2.1. The main focus of chapter 2 and the rest of the book
will be on implementing interpretability techniques to gain a much better under-
standing of machine learning models that cover both white-box and black-box mod-
els. The relevant blocks are highlighted in figure 2.1. We will apply these
interpretability techniques during model development and testing. We will also learn
about model training and testing, especially the implementation aspects. Because the
model learning, testing, and understanding stages are quite iterative, it is important to
cover all three stages together. Readers who are already familiar with model training
and testing are free to skip those sections and jump straight into interpretability.

When applying interpretability techniques in production, we also need to consider
building an explanation-producing system to generate a human-readable explanation
for the end users of your system. Explainability is, however, beyond the scope of this
book, and the focus will be exclusively on interpretability during model development
and testing.
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Figure 2.1 The process to build a robust Al system, focusing mainly on interpretation

2.1

White-box models
White-box models are inherently transparent, and the characteristics that make them
transparent are

= The algorithm used for machine learning is straightforward to understand, and
we can clearly interpret how the input features are transformed into the output
or target variable.
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We can identify the most important features to predict the target variable, and
those features are understandable.

Examples of white-box models include linear regression, logistic regression, decision
trees, and generalized additive models (GAMs). Table 2.1 shows the machine learning
tasks to which these models can be applied.

Table 2.1 Mapping of a white-box model to a machine learning task

White-box model Machine learning task(s)
Linear regression Regression
Logistic regression Classification
Decision trees Regression and classification
GAMs Regression and classification

In this chapter, we focus on linear regression, decision trees, and GAMs. In figure 2.2,
I have plotted these techniques on a 2-D plane with interpretability on the x-axis and
predictive power on the y-axis. As you go from left to right on this plane, the models
go from the low interpretability regime to the high interpretability regime. As you go
from bottom to top on this plane, the models go from the low predictive power
regime to the high predictive power regime. Linear regression and decision trees are
highly interpretable but have low to medium predictive power. GAMs, on the other
hand, have high predictive power and are highly interpretable as well. The figure also
shows black-box models in gray and italic. We cover those in section 2.6.
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We start off with interpreting the simpler linear regression and decision tree models
and then go deep into the world of GAMs. For each of these white-box models, we
learn how the algorithm works and the characteristics that make them inherently
interpretable. For white-box models, it is important to understand the details of the
algorithm because it will help us interpret how the input features are transformed
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into the final model output or prediction. It will also help us quantify the importance
of each input feature. You’ll learn how to train and evaluate all of the models in this
book in Python first, before we dive into interpretability. As mentioned earlier,
because the model learning, testing, and understanding stages are iterative, it is
important to cover all three stages together.

Diagnostics+—diabetes progression

Let’s look at white-box models in the context of a concrete example. Recall the Diag-
nostics+ Al example from chapter 1. The Diagnostics+ center would now like to deter-
mine the progression of diabetes in their patients one year after a baseline
measurement is taken, as shown in figure 2.3. The center has tasked you, as a newly
minted data scientist, to build a model for Diagnostics+ Al to predict diabetes progres-
sion one year out. This prediction will be used by doctors to determine a proper treat-
ment plan for their patients. To gain the doctors’ confidence in the model, it is
important not just to provide an accurate prediction but also to be able to show how
the model arrived at that prediction. How would you begin this task?

Input features

Target variable

Patient metadata . .

Diagnostics+
Al

Fasting glucose level Doctor
one year later

Six blood test
measurements

Figure 2.3 Diagnostics+ Al for diabetes

First, let’s look at what data is available. The Diagnostics+ center has collected from
around 440 patients data that consists of patient metadata such as age, sex, body mass
index (BMI), and blood pressure (BP). Blood tests were also performed on these
patients, and the following six measurements were collected:

LDL (bad cholesterol)

HDL (good cholesterol)
Total cholesterol
Thyroid-stimulating hormone
Low-tension glaucoma
Fasting blood glucose

The data also contains the fasting glucose levels for all patients one year after the base-
line measurement was taken. This is the target for the model. How would you formu-
late this as a machine learning problem? Because labeled data is available, where you
are given 10 input features and one target variable that you have to predict, you can
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formulate this problem as a supervised learning problem. The target variable is real
valued or continuous, so it is a regression task. The objective is to learn a function f
that will help predict the target variable y given the input features x.

Let’s now load the data in Python and explore how correlated the input features
are with each other and the target variable. If the input features are highly correlated
with the target variable, then we can use them to train a model to make the predic-
tion. If, however, they are not correlated with the target variable, then we will need to
explore further to determine whether there is some noise in the data. The data can be
loaded in Python as follows:

Imports the scikit-learn function

to load the open diabetes dataset Loads the diabetes dataset
from sklearn.datasets import load_diabetes
diabetes = load_diabetes|() EXtraCts the features
X, y = diabetes[‘data’], diabetes]'target’ and the target variable

We will now create a Pandas DataFrame, which is a two-dimensional data structure
that contains all the features and the target variable. The diabetes dataset provided by
Scikit-Learn comes with feature names that are not easy to understand. The six blood
sample measurements are named sl, s2, s3, s4, sb, and s6, which makes it hard for us
to understand what each feature is measuring. The documentation provides this map-
ping, however, and we use that to rename the columns to something that is more
understandable, as shown here:

feature_rename = {'age': 'Age',
'sex': 'Sex',
'bmi': 'BMI',
:bp: : :BP' ' . Mapping the feature names
sl': 'Total Cholesterol', provided by Scikit-Learn to
's2': 'LDL', a more readable form
's3': 'HDL',
Loads all the 's4': 'Thyroid',
features (x) into 's5': 'Glaucoma’,
a DataFrame 's6': 'Glucose'} Uses the Scikit-Learn
feature names as
df_data = pd.DataFrame (X, column names

columns=diabetes|['feature_names'])
df_data.rename (columns=feature_rename, inplace=True)

df_datal['target'] =y Renames the Scikit-Learn

feature names to a more
Includes the target variable (y) readable form

as a separate column

Now let’s compute the pairwise correlation of columns so that we can determine how
correlated each of the input features is with each other and the target variable. This
can be done easily in Pandas as follows:

corr = df_data.corr()
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By default, the corr () function in pandas computes the Pearson or standard correla-
tion coefficient. This coefficient measures the linear correlation between two variables
and has a value between +1 and —1. If the magnitude of the coefficient is above 0.7,
that means it’s a really high correlation. If the magnitude of the coefficient is between
0.5 and 0.7, that indicates a moderately high correlation. If the magnitude of the coef-
ficient is between 0.3 and 0.5, that means a low correlation, and a magnitude less than
0.3 means there is little to no correlation. We can now plot the correlation matrix in
Python as follows:

import matplotlib.pyplot as plt
import seaborn as sns

sns.set (style='whitegrid’)
sns.set_palette(‘bright’)

Imports Matplotlib
and Seaborn to plot
the correlation matrix

Initializes a Matplotlib plot

sns . heatmap ( with a predefined size

f, ax = plt.subplots(figsize=(10, 10)) QAAW
corr,
vmin=-1, vmax=1l, center=0,
cmap="PiYG",
square=True,

Uses Seaborn to plot a heatmap
of the correlation coefficients

ax=ax

)

ax.set_xticklabels (
ax.get_xticklabels(),

) Rotates the labels on the
rotation=90,

x-axis by 90 degrees

horizontalalignment='right'

)

The resulting plot is shown in figure 2.4. Let’s first focus on either the last row or the
last column in the figure. This shows us the correlation of each of the inputs with the
target variable. We can see that seven features—BMI, BP, Total Cholesterol, HDL, Thy-
roid, Glaucoma, and Glucose—have moderately high to high correlation with the tar-
get variable. We can also observe that the good cholesterol (HDL) also has a negative
correlation with the progression of diabetes. This means that the higher the HDL
value, the lower the fasting glucose level for the patient one year out. The features
seem to have pretty good signal in being able to predict the disease progression, and
we can go ahead and train a model using them. As an exercise, observe how each of
the features is correlated with each other. Total cholesterol, for instance, seems very
highly correlated with the bad cholesterol, LDL. We will come back to this when we
start to interpret the linear regression model in section 2.3.1.
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Age

Sex

BMI

BP

Total cholesterol

LDL

HDL

Thyroid

Glaucoma

Glucose

Target

Glaucoma

Total cholesterol

Figure 2.4 Correlation plot of the features and the target variable for the diabetes dataset

2.3 Linear regression

Linear regression is one of the simplest models you can train for regression tasks. In
linear regression, the function f is represented as a linear combination of all the input
features, as depicted in figure 2.5. The known variables are shown in gray, and the
idea is to represent the target variable as a linear combination of the inputs. The
unknown variables are the weights that must be learned by the learning algorithm.

Licensed to Pawet UNKNOWN <pawel.domanski@outlook.com>
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In general, the function ffor linear regression is shown mathematically as follows,
where nis the total number of features:

Y =wy+ wixy + woxp + ... + WpXp
n
= wo + Z WiX;
i=1

The objective of the linear regression learning algorithm is to determine the weights
that accurately predict the target variable for all patients in the training set. We can
apply the following techniques here:

Gradient descent
Closed-form solution (e.g., the Newton equation)

Gradient descent is commonly applied because it scales well to a large number of fea-
tures and training examples. The general idea is to update the weights such that the
squared error of the predicted target variable with respect to the actual target variable
is minimized.

The objective of the gradient descent algorithm is to minimize the squared error
or squared difference between the predicted target variable and the actual target vari-
able across all the examples in the training set. This algorithm is guaranteed to find
the optimum set of weights, and because the algorithm minimizes the squared error, it
is said to be based on least squares. A linear regression model can be easily trained
using the Scikit-Learn package in Python. The code to train the model is shown next.
Note that the open diabetes dataset provided by Scikit-Learn is used here, and this
dataset has been standardized, having zero mean and unit variance for all the input
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features. Feature standardization is a widely used form of preprocessing done on data-
sets used in many machine learning models like linear regression, logistic regression,
and more complex models based on neural networks. It allows the learning algo-
rithms that drive these models to converge faster to an optimum solution:

Imports numpy to evaluate the performance of model

Imports the scikit-learn class for linear regression Splits the data into training
and test sets, where 80% of
Imports the scikit-learn function to split the data is used for training
the data into training and test sets and 20% of the data for
from sklearn.model_selection import train_test_split testing, and ensures that
from sklearn.linear_model import LinearRegression the seed for the random-
L & import numpy as np number generator is set
using the random_state
parameter to ensure
test _size=0.2, consistent train-test splits

X_train, X _test, y_train, y_test = train_test_split(X, v,
random_state=42)

Initializes the linear regression model,
which is based on least squares

1 1.fi in, i .
r_model.fit (X_train, y_train) Learns the weights for the model
by fitting on the training set

lr_model = LinearRegression()

v_pred = lr_model.predict (X_test)

mae = np.mean(np.abs(y test - y pred)) Uses the learned weights to predict the disease

. progression for patients in the test set
Evaluates the model performance using

the mean absolute error (MAE) metric

The performance of the trained linear regression model can be quantified by compar-
ing the predictions with the actual values on the test set. We can use multiple metrics,
such as root mean squared error (RMSE), mean absolute error (MAE), and mean
absolute percentage error (MAPE). Each of these metrics offers pros and cons, and it
helps to quantify the performance using multiple metrics to measure the goodness of
amodel. Both MAE and RMSE are in the same units as the target variable and are easy
to understand in that regard. The magnitude of the error, however, cannot be easily
understood using these two metrics. For example, an error of 10 may seem small at
first, but if the actual value you are comparing with is, say, 100, then that error is not
small in relation to that. This is where MAPE is useful for understanding these relative
differences because the error is expressed in terms of percentage (%) error. The topic
of measuring model goodness is important but is beyond the scope of this book. You
can find a lot of resources online. I have written a comprehensive two-part blog post
(http://mng.bz/ZzNP) to cover this topic.

The previous trained linear regression model was evaluated using the MAE metric,
and the performance was determined to be 42.8. But is this performance good? To
check whether the performance of a model is good, we need to compare it with a
baseline. For Diagnostics+, the doctors have been using a baseline model that predicts
the median diabetes progression across all patients. The MAE of this baseline model
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was determined to be 62.2. If we now compare this baseline with the linear regression
model, we notice a drop in MAE by 19.4, which is a pretty good improvement. We
have now trained a decent model, but it doesn’t tell us how the model arrived at the
prediction and which input features are most important. I cover this in the following
section.

Interpreting linear regression

In the earlier section, we trained a linear regression model during model develop-
ment and then evaluated the model performance during testing using the MAE met-
ric. As a data scientist building Diagnostics+ Al, you now share these results with the
doctors, and they are reasonably happy with the performance. But there is something
missing. The doctors don’t have a clear understanding of how the model arrived at
the final prediction. Explaining the gradient descent algorithm does not help with
this understanding because you are dealing with a pretty large feature space in this
example—10 input features in total. It is impossible to visualize how the algorithm
converges to the final prediction in a 10-dimensional space. In general, the ability to
describe and explain a machine learning algorithm does not guarantee interpretabil-
ity. So, what is the best way of interpreting a model?

For linear regression, because the final prediction is just a weighted sum of the
input features, all we have to look at are the learned weights. This is what makes linear
regression a white-box model. What do the weights tell us? If the weight of a feature is
positive, a positive change in that input will result in a proportional positive change in
the output, and a negative change in the input will result in a proportional negative
change in the output. Similarly, if the weight is negative, a positive change in the input
will result in a proportional negative change in the output, and a negative change in
the input will result in a proportional positive change in the output. Such a learned
function, shown in figure 2.6, is called a linear, monotonic function.

We can also look at the impact or importance of a feature in predicting the target
variable by looking at the absolute value of the corresponding weight. The larger the

‘ —— Linear monotonic ,

Target

Figure 2.6 A representation of
Input a linear, monotonic function
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absolute value of the weight, the greater the importance. The weights for each of the
10 features are shown in descending order of importance in figure 2.7.

Total cholesterol

Glaucoma

BMI

LDL

BP

Features

Thyroid

Sex

HDL

Glucose

Age

-1000 -750 -500 -250 0 250 500 750
Feature weights

Figure 2.7 Feature importance for the diabetes linear regression model

The most important feature is the Total Cholesterol measurement. It has a large nega-
tive value for the weight. This means that a positive change in the cholesterol level has
a large negative influence on predicting diabetes progression. This could be because
Total Cholesterol also accounts for the good kind of cholesterol.

If we now look at the bad cholesterol, or LDL, feature, it has a large positive
weight, and it is also the fourth most important feature in predicting the progression
of diabetes. This means that a positive change in LDL cholesterol level results in a
large positive influence in predicting diabetes one year out. The good cholesterol, or
HDL, feature has a small positive weight and is the third least important feature. Why
is that? Recall the exploratory analysis that we did in section 2.2 where we plotted the
correlation matrix in figure 2.4. If we observe the correlation among total cholesterol,
LDL, and HDL, we see a very high correlation between total cholesterol and LDL and
moderately high correlation between total cholesterol and HDL. Because of this cor-
relation, the HDL feature is deemed redundant by the model.

It also looks like the baseline Glucose measurement for the patient has a very small
impact on predicting the progression of diabetes a year out. If we again go back to the
correlation plot shown in figure 2.4, we can see that Glucose measurement is very
highly correlated with the baseline Glaucoma measurement (the second most
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important feature for the model) and highly correlated with Total Cholesterol (the
most important feature for the model). The model, therefore, treats Glucose as a
redundant feature because a lot of the signal is obtained from the Total Cholesterol and
Glaucoma features.

If an input feature is highly correlated with one or more other features, they are
said to be multicollinear. Multicollinearity could be detrimental to the performance of
a linear regression model based on least squares. Let’s suppose we use two features, x,
and xy, to predict the target variable y. In a linear regression model, we are essentially
estimating weights for each of the features that will help predict the target variable
such that the squared error is minimized. Using least squares, the weight for feature
xy, or the effect of x; on the target variable y, is estimated by holding x, constant. Simi-
larly, the weight for x, is estimated by holding x; constant. If x; and x, are collinear,
then they vary together, and it becomes very difficult to accurately estimate their
effects on the target variable. One of the features becomes completely redundant for
the model. We saw the effects of collinearity on our diabetes model earlier where fea-
tures such as HDL and Glucose that were pretty highly correlated with the target vari-
able had very low importance in the final model. The problem of multicollinearity can
be overcome by removing the redundant features for the model. As an exercise, I
highly recommend doing that to see if you can improve the performance of the linear
regression model.

In the process of training a machine learning model, it is important to explore the
data first and determine how correlated features are with each other and with the tar-
get variable. The problem of multicollinearity must be uncovered early in the process,
before training the model, but if it has been overlooked, interpreting the model will
help expose such issues. The plot in figure 2.7 can be generated in Python using the

Imports numpy to perform operation
on vectors in an optimized way

following code snippet:

import numpy as np
import matplotlib.pyplot as plt

import seaborn as sns Imports matplotlib and seaborn
sns.set (style='whitegrid’) to plot the feature importance
sns.set_palette(‘bright’) Sorts the weights in
Obtains the weights from the linear descending order of
weights = 1r_model.coef_ regression model trained earlier importance and gets
using the coef_ parameter their indices
feature_importance_idx = np.argsort (np.abs(weights)) [::-1]
feature_importance = [feature_names[idx].upper() for idx in Uses the ordered indices
feature_importance_idx] to get the feature names
feature_importance_values = [weights[idx] for idx in and the corresponding
feature_importance_idx] weight values

f, ax = plt.subplots(figsize=(10, 8))

sns.barplot (x=feature_importance_values, y=feature_importance, ax=ax) g::eﬁxes
ax.grid(True) shoxn in
ax.set_xlabel ('Feature Weights') ﬁgure27

ax.set_ylabel ('Features')
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Limitations of linear regression

In the previous section, we saw how easy it is to interpret a linear regression model. It
is highly transparent and easy to understand. However, it has poor predictive power,
especially in cases where the relationship between the input features and target is
nonlinear. Consider the example shown in figure 2.8.
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Figure 2.8 lllustration
Input of a nonlinear dataset

If we were to fit a linear regression model to this dataset, we would get a straight-line
linear fit, as shown in figure 2.9. As you can see, the model does not properly fit the
data and does not capture the nonlinear relationship. This limitation of linear regres-
sion is called underfitting, and the model is said to have high bias. In the following sec-
tions, we will see how this problem can be overcome by using more complex models
with higher predictive power.

—— Linear regression model fit ‘ .‘

Target

Figure 2.9 The problem
Input of underfitting (high bias)

Decision trees

A decision tree is a great machine learning algorithm that can be used to model com-
plex nonlinear relationships. It can be applied to both regression and classification
tasks. It has relatively higher predictive power than linear regression and is highly
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interpretable, too. The basic idea behind a decision tree is to find optimum splits in
the data that best predict the output or target variable. In figure 2.10, I have illus-
trated this by considering only two features, BMI and Age. The decision tree splits the
dataset into five groups in total, three age groups and two BMI groups.

Region where mean Region where mean diabetes
diabetes progression = A progression = B

Region where mean Region where mean

diabetes progression diabetes
=D progression = C
30 50 Figure 2.10 Decision
Age tree splitting strategy

The algorithm that is commonly applied in determining the optimum splits is the clas-
sification and regression tree (CART) algorithm. This algorithm first chooses a fea-
ture and a threshold for that feature. Based on that feature and threshold, the
algorithm splits the dataset into the following two subsets:

= Subset 1, where the value of the feature is less than or equal to the threshold
= Subset 2, where the value of the feature is greater than the threshold

The algorithm picks the feature and threshold that minimizes a cost function or crite-
rion. For regression tasks, this criterion is typically the mean squared error (MSE),
and for classification tasks, it is typically either Gini impurity or entropy. The algo-
rithm then continues to recursively split the data until the criterion is reduced further
or until a maximum depth is reached. The splitting strategy in figure 2.10 is shown as
a binary tree in figure 2.11.

A decision tree model can be trained in Python using the Scikit-Learn package as
follows. The code to learn the open diabetes dataset and to split it into the training
and test sets is the same as the one used for linear regression in section 2.3, so, this

code is not repeated here: .
Imports the scikit-
learn class for the
Trains from sklearn.tree import DecisionTreeRegressor decision tree regressor. Itis

the regressor important to set
decision dt_model = DecisionTreeRegressor (max_depth=None, random_state=42) <+ the random state

Initializes the
decision tree

m:?:i 4 ) . . Uses the trained decision tree model to | to ensure that
t_model.fit (X _train, y_train) predict the disease progression for consistent,
patients in the test set reproducible
v_pred = dt_model.predict (X_test) results can be

Evaluates the model obtained.

mae = np.mean(np.abs(y_test - y_pred)) 4 performance using the mean
absolute error (MAE) metric
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False

Diabetes Diabetes
progression = A progression = B

Diabetes Diabetes
progression = D progression = C

Figure 2.11 Decision tree data splitting visualized as a binary tree

The decision tree model trained here was evaluated using the MAE metric, and the
performance was determined to be 54.7. If we tune the max_depth hyperparameter
and set it to 3, we can improve the MAE performance further to 48.6. This perfor-
mance, however, is poorer than the regression model trained in section 2.2. I will dis-
cuss the reasons for this in section 2.4.2, but first, let’s look at how to interpret a
decision tree in the following section.

Decision tree for classification tasks

As mentioned in this section, decision trees can also be used for classification tasks.
In the CART algorithm, Gini impurity or entropy is used as the cost function. In Scikit-
Learn, you can easily train a decision tree classifier as follows:

from sklearn.tree import DecisionTreeClassifier
dt_model = DecisionTreeClassifier(criterion='gini’, max_depth=None)
dt_model.fit (X _train, y_train)

The criterion parameter in the DecisionTreeClassifier can be used to specify
the cost function for the CART algorithm. By default, it is set to gini, but it can be
changed to entropy.

Interpreting decision trees

Decision trees are great at modeling nonlinear relationships between the input and
the output. By finding splits in the data across features, the model tends to learn a
function that is nonlinear in nature. The function could be monotonic, where a
change in the input results in a change in the output in the same direction, or non-
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monotonic, where a change in the input could result in a change in the output in any
direction and at a varying rate. This is illustrated in figure 2.12.

Nonlinear monotonic
== Nonlinear nonmonotonic
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How do we interpret such a learned nonlinear function? As seen in the previous sec-
tion, a decision tree can be visualized as a bunch of if-else conditions strung together,
where each condition splits the data in two. Such a model can be easily visualized as a
binary tree, as illustrated in figure 2.11. For the decision tree model trained for diabe-
tes, the visualization of the binary tree is shown in figure 2.13. The tree can be inter-
preted as follows.

Starting at the root of the tree, check if the normalized BMI is <= 0. If true, go to
the left part of the tree. If false, go to the right part of the tree. Because we are starting
at the root of the tree, this node accounts for 100% of the data. This is why samples is
equal to 100%. Also, if we were to set the max_depth to 0 and predict the disease
progression, then we would use the average value of all the samples in the data, which
is 153.7, represented as value in the tree. By predicting 153.7, we would get an MSE
of 6076.4.

If the normalized BMI is <= 0, then we go to the left part of the tree and check if
the normalized Glaucoma is <= 0. If BMI is <= 0, we would account for approximately
59% of the data, and the MSE would reduce from 6076.4 for the parent node to
3612.7. We can repeat this process until we have reached the leaf nodes in the tree. If
we look at, say, the right-most leaf node, this corresponds to the following condition: if
BMI > 0 and BMI > 0.1 and LDL > 0, then predict 225.8 for 2.3% of the data, resulting
in an MSE of 2757.9.

Please note that the max_depth for the decision tree in figure 2.13 was set to 3. The
complexity of this tree wil