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Abstract - English

Text Mining and Sentiment Analysis in particular are increasingly relevant tasks
that can be solved using ideas and methods from statistics and machine learning.
As these predictive models can become quite complex and opaque, researchers
have given increasing attention to explainability and interpretability of black-
box models. This thesis combines theory and practice of both tasks. Theory is
covered by an overview of text mining, particularly sentiment analysis, as well
as by a motivation for discussing interpretability of black-box models and an
introduction into various methods to provide either global or local explanations.
As for the practical part, three classic machine learning models (Random Forest,
XGBoost and Support Vector Machine with linear kernel) get trained to pre-
dict the binary sentiment of English-language movie reviews. Afterwards, each
model’s most noticeable false predictions are investigated further using locally
interpretable model-agnostic explanations (LIME), generating explanations for
each prediction. Thus, a compelling overview of the interconnectedness of text
mining and interpretable black-box models is presented to the reader.

Abstract - Deutsch

Text Mining und das dazugehorige Subthema der Sentiment Analysis (Stim-
mungserkennung) sind zunehmend relevante Problemstellungen, die mittels
Ideen und Methoden aus Statistik und Machine Learning behandelt werden
konnen. Da die dafiir verwendeten (statistischen) Prognosemodelle eine
komplexe Struktur aufweisen koénnen, wird in der Forschung zunehmende
Aufmerksamkeit auf die Erklarbarkeit und Interpretierbarkeit ebenjener
Modelle gelegt. Diese Magisterarbeit verbindet Theorie und Praxis aus
beiden Themenbereichen. Der theoretische Hintergrund wird mittels eines



Uberblicks iiber Text Mining und Sentiment Analysis sowie einer Einfiihrung
in Konzepte und Methoden der Interpretierbarkeit von “Black-Box Modellen”
zur Erstellung von globalen oder objektspezifischen Erklarungen dargelegt. Im
praktischen Teil werden drei klassische Machine Learning - Modelle trainiert,
um die Polaritdt von englischsprachigen Filmkommentaren zu erkennen und
vorherzusagen. Samtliche Modelle konnten iiber 80% der Bewertungen korrekt
klassifizieren. Die eindeutigsten Fehlklassifizierungen jedes Modells werden
anschliefend mittels lokal interpretierbarer modell-agnostischer Erkldrungen
(LIME) analysiert. Mit dieser Magisterarbeit soll ein Uberblick iiber die
Verflechtungen von Text Mining - Problemstellungen mit dem Bereich von
interpretierbaren Black-Box Modellen prisentiert werden.
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1 Introduction

In 2007, Feldman and Sanger designated text mining as a “new and exciting”
research field in the introduction of a textbook designated to present an overview
of the subject (Feldman and Sanger, 2007). Fifteen years have passed since and
it is hard to argue with their verdict of excitement. The rise of the digital age
has increased the availability of text data originating from diverse sources, and
the new data sources have been met with overwhelming curiosity for academic
and commercial use alike.

However, as the use of complex machine learning models increases and reaches
many areas, the need for interpretable predictions arises as well. If text mining
is used to attribute the authorship of centuries-old documents (Mosteller and
Wallace, 1964), this may be viewed as an “academic playground” where wrong
predictions do little harm, except perhaps to the academic reputation of those
responsible for the model. Used to automatically classify job applications and
resumes (Angwin and Larson, 2016), the potential consequences and damages
justify thorough inspection of the model. Accordingly, research on “explainable
artificial intelligence” has increased in the last 20 years. Even though many
techniques can only be applied on tabular data, there are approaches that can
be used to interpret predictions on text data. One such approach using local
surrogate models will be investigated by means of theory and practice in this
thesis.

As its title suggests, the main focus of this thesis is on interpretability of black-
box models. There is plenty of in-depth literature on every notion of text mining
and detailed coverage of all aspects would be both redundant and out of scope.
A concise summary of key aspects from text mining and an introduction into
sentiment analysis is given in chapter 2. Chapter 3 contains theoretical back-
ground on interpretability in complex predictive models. The motivation and
need for explainable predictions is highlighted, along with some basic definitions
from both machine learning and social sciences. A major part of the chapter
is dedicated to the introduction of various methods available to explain predic-
tions of black-box models. Chapters 4 and 5 are based on practical research:
Chapter 4 describes the results of a sentiment analysis using supervised ma-
chine learning techniques on a corpus of movie reviews. As these techniques are
inherently complex and the “reasoning” behind both true and false predictions



of each model cannot be directly observed, Chapter 5 presents explanations ob-
tained via locally interpretable model-agnostic explanations (LIME). The final
chapter 6 provides a conclusion.
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2 Text Mining

In the last 20 years text mining emerged as a new field that aims to combine
tools and insights from statistics, natural language processing, information re-
trieval and linguistics (Feldman and Sanger, 2007). Witten (2004) identifies
workshops at two conferences during the summer of 1999 as the “origins” of
text mining: The International Machine Learning Conference and the Inter-
national Joint Conference on Artificial Intelligence. However, researchers have
been dealing with processing text, speech or natural language in general for
decades. Bledsoe and Browning (1959) implemented a Bayesian system for text
recognition, and Mosteller and Wallace (1964) used statistical methods (both
Bayesian and non-Bayesian) to attribute authorship to twelve articles belonging
to the “Federalist Papers”, a series of essays published in 1787 and 1788 propa-
gating the constitution of the United States of America. An extensive overview
of further early advancements is presented by Jurafsky and Martin (2014).

The influence of classic natural language processing in text mining is weaker
than the influence of techniques rooting in information retrieval (Witten, 2004).
Witten’s reasoning for this seemingly paradox situation is that natural language
processing started off with examining automatic language translation - a com-
plex problem using today’s computational resources, let alone those available in
the early 1950s. Moving on from these high ambitions, natural language pro-
cessing researchers retreated into “toy worlds”. By doing so, their approaches
showed more success in various tasks but failed remarkably when they were given
“real text”. The separation from “real text” was not possible in other research
fields such as compression schemes or practical information retrieval, leading to
the development of techniques that are commonly used in text mining. (Witten,
2004)

2.1 Definitions

As text mining is an active and ongoing field of research, various definitions for
the term exist. A broad definition of text mining being a “knowledge-intensive
process in which a user interacts with a document collection over time by using
a suite of analysis tools” is given by Feldman and Sanger (2007). According
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to Sebastiani (2002), text mining is denoting “all the tasks that, by analyzing
large quantities of text and detecting usage patterns, try to extract probably
useful (although only probably correct) information.” A brief definition of the
field is given by Wikipedia as “the process of deriving high-quality information
from teat” (Wikipedia contributors, 2022), even though this would in theory
also include human expert systems which are regularly not considered to be a
part of text mining. The “analysis tools” mentioned in the listed definitions
usually root in statistics and machine learning. Pattern detection means that
given a large amount of training data that includes the desired information of
interest, an algorithm “learns” the connections between input and output and
is able to “reuse” the connection scheme on fresh data that does not include
the information of interest. In the previously mentioned work of Mosteller and
Wallace, the training data are documents with known authorship (this being the
information of interest) and the algorithm learns to connect each author with a
certain writing style. These connections between writing style and author are
then used to assign each article with unknown authorship to its most probable
author.

2.2 Text Mining and Data Mining

Text mining and data mining are closely related. In both areas preprocessing
techniques are applied to transform given data, rendering it accessible for ana-
lytical tools. These tools can be considered as “pattern-discovery algorithms”,
where a high number of pattern types originates in Data Mining. Data and text
mining also share “presentation-layer elements” like visualization tools, foster-
ing comprehension of insights generated by the pattern-discovery algorithms
(Feldman and Sanger, 2007).

However, there exist major differences originating in the heterogenous data types
that are analyzed. In data mining, the input usually consists of rectangular ta-
bles, so preprocessing might consist of methods to standardize columns or to
join various tables in order to create a single dataset containing all necessary
information. The input is highly structured and consists of explicit features. In
contrast, the typical input for text mining consists of a set of documents which
are usually unstructured and certainly non-rectangular. Text mining does not
operate on the input documents itself but on “feature-based representations”
instead (Feldman and Sanger, 2007). Thus a major task in preprocessing text
data is the identification and extraction of features that are considered represen-
tative for the underlying text. By doing so, the text input gets transformed into
an “explicitly structured representation”. Typical features represented within a
document can include characters, words, terms and concepts. While characters
and words can be extracted easily from a given document, terms (i.e. single
words or multi-word phrases) and concepts require more complex extraction
schemes and computational power. On the other hand, both terms and con-
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cepts are able to condense the underlying document’s substance at a higher
level.

Documents usually contain a large quantity of possible inputs, so considerable
effort has to be put towards identifying a (representable) subset of features.
Selecting the subset’s size is a non-trivial task. Choosing a small size of features
might lead to biased characterization of a document, but the inclusion of more
features gives rise to computational challenges. Given that the training dataset
used to develop a text mining system usually comprises thousands of documents,
feature sparsity is a common situation in text datasets. Most features within
the dataset appear in a low number of instances (i.e. documents), leading to low
support for many usual patterns (Feldman and Sanger, 2007).

A further source of variety is the state of the information which is to be ex-
tracted from the input data. In data mining its state is implicit so automatic
techniques are needed to harvest the information. Text, however, is usually
human-readable (given that it is written in a language comprehensible to the
reader) so the information is explicitly available in most use cases. In fact “most
authors go to great pains to make sure that they express themselves clearly and
unambiguously” (Witten, 2004). Reviewers try their best to convince the reader
of their opinion towards the object they evaluated, and neither scientific articles
nor news messages hide the topic of their communication. Thus, text mining
is deployed because it is often infeasible for humans to read every document in
a given document collection (i.e. the input dataset) (Witten, 2004). However,
there are use cases for text mining where the information to be extracted is not
explicitly given. Automatic detection of “fake news”, i.e. news that are “inten-
tionally and verifably false and could mislead readers” (Shu et al., 2017) is an
active research topic (Reis et al., 2019). As “fake news” tries to disguise itself as
fact-based news, distinguishing is hard when using only the information explic-
itly available (i.e. the message text itself). Therefore, “auxiliary information”
is necessary, making “fake news” detection a highly non-trivial research topic
(Shu et al., 2017).

2.3 Sentiment Analysis

Sentiment analysis is a research area analyzing “people’s opinions, sentiments,
appraisals, attitudes, and emotions toward entities and their attributes expressed
in written text” (Liu, 2015). Its main research question is to identify sentiment
expressions as well as their polarity and strength. Thus, judgments towards
specific subjects can be extracted from a given (usually large) collection of doc-
uments (Nasukawa and Yi, 2003). The field has originated from computer sci-
ence, however researchers in social, political and management science as well as
economics are engaged in sentiment analysis studies, as all these areas deal with
opinions and sentiments by consumers, customers and the general public (Liu,
2015). It is also used in practice to track market opinions in finance or voters’
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sentiments in politics (Ribeiro et al., 2016a).

Researchers have noted that the analysis of sentiments is a challenging topic
compared to other aspects of text mining such as topic classification, since sen-
timents are often expressed without using obvious keywords (Pang et al., 2002).
To tackle this problem, a multitude of sentiment analysis methods and tech-
niques have been proposed. Méntyla et al. (2018) count nearly 7000 papers on
sentiment analysis as of 2017, with 99% being published after 2004. Ribeiro
et al. (2016a) provide an overview over twenty four methods focusing on sen-
timent detection from reviews, social network postings, etc. The authors did
omit most supervised (machine learning) methods requiring labeled training
data as the training data is usually not published, preventing them from being
a useful “off-the-shelf method”. Another group of methods apart from those
using machine learning approaches are “lexical-based methods” using predefined
sentiment dictionaries (Ribeiro et al., 2016a). An extensive overview of current
sentiment analysis research was performed by Miéntyld et al. (2018). In their
article the twenty most cited papers per year as of 2017 are presented. Those
papers focus on applications with online reviews and Twitter data as well as
the presentation of newly developed tools and literature reviews. Notably, the
authors state a change in research topics. Articles from 2013 and before did
focus on product reviews and political scenarios such as the public sentiment
before elections. More recent papers (2014 - 2016) frequently use social media
platforms as their data sources or apply their analysis in the context of stock
market predictions (Méntyld et al., 2018).

In this thesis, a supervised approach using machine learning methods to classify
sentiments on a document-level will be presented. This task is claimed to be
the reason for the prominence of sentiment analysis research as well as the
“simplest sentiment analysis task”, possessing a clear problem definition and
similarities to “traditional text classification” (Liu, 2015). In a formal way,
Liu (2015) formulates the task as “Given an opinion document evaluating an
entity, determine the overall sentiment of the opinion holder about the entity”.
Unsupervised classification of sentiments on a document-level has also been
researched, e.g. using sentiment lexicons as presented by Kennedy and Inkpen
(2006). However, this aspect will not be discussed in this thesis.
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3 Interpretability

This section starts by defining interpretability in a machine learning context
before displaying the need for explainable, interpretable predictive models. Af-
terwards, multiple methods to generate explanations for black-box models are
introduced. Most of these models can be applied exclusively on tabular data,
locally interpretable model-agnostic explanations (LIME) and selected others
can also be applied to image and textual data.

3.1 Defining explanations and interpretability

A predictive system tries to optimize multiple facets. Contrary to a model’s
predictive performance, criteria as unbiasedness, causality or safety are hard to
formalize and often unquantifiable. Instead, interpretability can be used as a
fallback criterion to check these aspects. Interpretability in the machine learning
context may be defined as the “ability to explain or to present in understand-
able terms to a human” (Doshi-Velez and Kim, 2017). Therefore, explainable
predictions enable human users to verify whether a model fulfills any ”auxiliary
criteria” (Doshi-Velez and Kim, 2017). Explanations are a vastly researched
topic in social sciences. A comprehensive overview of this area and its possible
consequences for machine learning is given by Miller (2019). The article reviews
sources from philosophy, psychology and cognitive science, promoting their in-
clusion into research on interpretable machine learning or explainable artificial
intelligence. Miller defines explainable AI as a problem at the “intersection of
artificial intelligence, social science, and human-computer interaction®. Sim-
ilar to Biran and Cotton (2017), Miller (2019) further defines interpretability
of a model as "the degree to which an observer can understand the cause of
a decision”. The observer’s understanding can be facilitated by providing ex-
planations, which are “assignments of causal responsibility” (Josephson and
Josephson, 1994) that exist within a (social) context depending on the observer
or explainee. The context means that given an event the recipient (i.e. the ex-
plainee) might care about a subset of possible causes or features. The explainer
might further select a smaller subset of reported causes, and lastly explainer
and explainee might have any kind of interaction about this explanation (Miller,
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2019).

3.2 The case for interpretability

The widespread usage of machine learning models has increased the need for
interpretability. Even though pre-known biases can be prevented by explicitly
formulating a problem, this does not guarantee fair and unbiased predictions
as there might be data patterns (i.e. underlying biases) that only emerge af-
ter thorough examination (Doshi-Velez and Kim, 2017). There are numerous
examples of “black-box” models including unwanted and unforeseen biases: In
2016 it was demonstrated that COMPAS (“Correctional Offender Management
Profiling for Alternative Sanctions”), an algorithm used in several states of the
U.S. to predict a defendant’s future crime risk was racially biased. The accu-
racy of predicted recidivism was 61%, however “blacks are almost twice as likely
as whites to be labelled a higher risk but not actually reoffend”(Angwin and
Larson, 2016). Amazon used a machine learning model to review and score job
applications and resumes, but decided to abondon it because the model “was
not rating candidates for software developer jobs and other technical posts in a
gender-neutral way” (Dastin, 2018). An overview about these and various other
occasions where non-interpretable models have lead to discrimination is given
by Zuiderveen Borgesius (2018). Reported examples include online advertising
biases where job advertisements were only shown to men, price discrimination,
translation tools that reflect and promote gender inequality, discriminatory ef-
fects at image search systems and more. In general, blindly trusting a model
can lead to various problems (Dzindolet et al., 2003).

Interpretability is an important tool in situations where no appropriate test
data is available. Machine learning techniques that are used to build a predic-
tive model usually assume identical distribution of training and test data. A
different joint distribution of input and output data between training and test
data (“dataset shift”) (Quinonero-Candela et al., 2008) is a further situation
highlighting the need for interpretable machine learning. Ribeiro et al. (2016¢)
present an example of a classifier that was trained on a biased dataset. Po-
tential reasons for a change in data distribution include simple covariate shift
(i.e. change in the distribution of input data), prior probability shift (i.e. change
in the distribution of output data), sample selection bias, discarding data in a
heavily imbalanced setting (“dataset shift by design”), domain shift (i.e. changes
in measurement) and source component shift (i.e. changes in strength of con-
tributing variables) (Quifionero-Candela et al., 2008). Interpretable machine
learning methods are often used to understand the inherent process that forms
the relationship between input and output data. Therefore it is important to
realize if a dataset shift occurs, since the model will not be able to generalize
the underlying process from training to test data. Many problems in science are
solved by complex, uninterpretable black-box models. In these situations in-
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terpretability is necessary to understand the underlying structure as the model
replaces the input data as the source of knowledge (Molnar, 2019).

Machine learning models are often used to solve complex tasks, where it is
impossible to gather data for all possible situations which a model may encounter
“in production” (e.g. autonomous driving systems in cars) (Doshi-Velez and
Kim, 2017). Since it is not possible to detect all undesirable outputs, it is
crucial to be sure that the underlying structure learned by the model is error-
free. Interpretable predictions are a possibility to either confirm the learned
structure or to detect flaws or edge cases. Molnar (2019) gives an example
of a self-driving car system built to detect cyclists. If an explanation shows
that cyclists are recognized by the bicycle’s wheels, then one can further test if
bicycles with partially covered wheels (e.g. by side bags) are detected as well,
so the explanation offers additional insights that support increasing a model’s
safety and applicability. This is closely related to the topic of reliability or
robustness, as minor changes in the input data (e.g. aforementioned side bags)
should typically not result in drastic changes in the output.

“Data leakage” is another potential modeling pitfall that can be avoided if the
predictions can be interpreted. Leakage means introducing information that
“should not be legitimately available” to use when creating a model (Kaufman
et al., 2011). The phenomenon usually happens unintentionally and leads to
unjustifiably high predictive power on training data. Interpretable predictions
clearly support the discovery of leakage, since the impact of each available pre-
dictor on a prediction can be traced. Therefore it can be assessed if the model
picks up on causal relationships only. Kaufman et al. (2011) review two discus-
sions of a medical dataset that included a patient ID variable with “tremendous
and unexpected predictive power”. Blindly trusting a black-box model that uses
the ID could lead to considerable disappointment after applying the model, as
IDs usually do not contain any medical information of interest.

In practice it is common to develop multiple models, assess their predictive
performance on a given dataset and then select one model to deploy. Ideally,
the model assessment is based on those metrics that are relevant for the use
case (e.g. customer engagement). However, it is often impossible or infeasible
to compute such metrics. This is another case for interpretable predictions, as
domain knowledge about the influence of a model’s behaviour on e.g. customer
engagement can be used to assess those models whose predictions can be ex-
plained. Typically available metrics such as accuracy, sensitivity or specificity
can be misleading. They may favor models with high predictive power on a
given training dataset but low power on a “real-world” dataset on which it was
not trained. An example is shown by Ribeiro et al. (2016c¢).

If sensitive or personal data is used, having a model that can be interpreted
may ensure the protection of this data (Molnar, 2019).

The listed arguments supporting the need for interpretable models have been
mostly concerned with the development of models. However, being able to
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clearly explain and interpret predictions is also useful to empower the model’s
usage. As Ribeiro et al. (2016¢) state: “if the users do not trust a model or
a prediction, they will not use it”. Similarly, Dzindolet et al. (2003) note that
low or lacking trust can cause disuse of a model. Experiments conducted by
Ribeiro et al. (2016¢) show that supporting predictions with “intelligible expla-
nations” increases the persuasive power of a model. Given that the audience
of a machine learning algorithm usually possesses domain knowledge, consen-
sus between knowledge and the model’s explanations leads to increased trust
in the predictions, differences or unexpected explanations might lead to fur-
ther examination of the model. Social experiments by Dzindolet et al. (2003)
have shown that false predictions lead human operators to distrust a predictive
model. However, explaining a model’s potential shortcomings or sources of error
increased participants’ trust regardless of the model’s actual accuracy. Ribeiro
et al. (2016¢) differentiate between trust in a prediction and trust in a model
itself. A prediction gets trusted if a user takes some action based on it, whereas
a model is trusted if a user “behaves in reasonable ways if (the model gets)
deployed”. However, both concepts directly relate to users’ understanding of a
model and its behaviour. Trust in a model can essentially be seen as confidence
that a model is consistent on training and real-world data, consistency being
measured by any metric of interest. Trusting a prediction is crucial if a model
is used to take decisions with relevant consequences such as medical diagnosis
or in self-driving cars.

However, there are also situations where models do not need to be interpretable:
All of the aforementioned arguments presume some sort of relevance. If a model
has no significant real-world impact (e.g. a recommender system for travel desti-
nations or birthday presents that is not tied to a business), it is not necessary to
have explainable predictions, since there are no consequences of wrong or biased
predictions (Molnar, 2019). If an application is well studied, there is no need to
extract further knowledge from a model and the model’s suitability to the task
is already proven, then a black-box model can be used without delving into the
underlying causal structure. Automated address extraction from photographs
of envelopes is an example for this scenario (Molnar, 2019).

Furthermore, there are scenarios where a model is used in a situation demanding
explainable predictions to check for causality, possible bias, etc. yet these expla-
nations cannot be shown to the model’s user. This is the result of a “mismatch
between the goals of the creator and the user of a model” (Molnar, 2019). An
example application is credit scoring - the bank’s goal is to identify applicants
who are likely to return the loan, the applicant’s goal is to receive a loan. If
(a) the explanations behind the scoring engine’s decision are shown to the ap-
plicant and (b) the model’s inputs are proxies for but not identical to a causal
feature (e.g. use the applicant’s number of credit cards instead of his actual debt
level), then the user might deceive the system (Molnar, 2019). Even though the
explanations cannot be supplied to the user, they are crucial for the model’s
creator (in the example: a financial institution) to ensure the model’s quality
with regard to the aforementioned aspects.
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3.3 Achieving interpretability in machine learn-
ing

If the model itself is interpretable (“white-box model”), no further considera-
tions need to be made towards explaining its predictions. Decision trees, linear
and logistic regression are the most commonly used intrinsically interpretable
models (Molnar, 2019). Decision rules, Bayesian rule lists and sparse models
such as supersparse linear integer models or mind-the-gap models belong to this
category, yet the interpretability of a model is directly related to its audience, so
not every model architecture is suitable for every usage (Ribeiro et al., 2016¢).
Intrinsically interpretable models typically have simple structures, as humans
need to be able to comprehend the internals in their entirety. Interpretable
decision trees have few splits, linear models include a low number of features,
etc. (Molnar, 2019). For a comprehensive list of inherently interpretable models
see (Biran and Cotton, 2017). To gain further insights, methods analyzing the
trained model can be applied (“post hoc interpretation”) (Molnar, 2019). Post
hoc interpretation methods are also available for non-intrinsically interpretable
(“black-box”) models.

Non-intrinsically interpretable models can be explained using methods to an-
alyze the trained model (“post hoc”) (Molnar, 2019). Machine learning sys-
tems/models rise in complexity (Doshi-Velez and Kim, 2017) and the predictions
of machine learning models often outperform traditional models (Ferndndez-
Delgado et al., 2014) (Molnar et al., 2020). This promotes the use of post hoc
interpretation methods to gain insights into models with high predictive power
but no inherent interpretability (“black-box models”) (Molnar, 2019). Post hoc
explanation methods usually ignore the specifics of the original model and can
be used to explain predictions from any model, interpretable or not. Separating
explanations from the model (“model agnostic” interpretability) has multiple
benefits: For a given task, any model can be used regardless of its complexity
(model flexibility). Explanations can be tailored to meet users’ needs (explana-
tion flexibility) and even use different (i.e. more interpretable) feature represen-
tation as the original model (representation flexibility) (Ribeiro et al., 2016b).
If the underlying model is complex, local explanations may not be sufficient to
reach a global understanding, local explanations of flexible models may even be
seemingly inconsistent (Ribeiro et al., 2016b).

Model agnostic methods for interpretability can be classified according to cri-
teria such as the result of the interpretation method (e.g. feature summary
statistic, feature summary visualization, or representative data points) or their
scopes (Molnar, 2019). Some interpretation methods explain the entire model
(“global”), others restrict themselves to individual predictions (“local”). This
taxonomy is used to classify and present selected methods in the following chap-
ters.
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3.4 Global model-agnostic interpretation meth-
ods

Global methods describe a model’s average behaviour. This supports the de-
bugging process of a model as well as the understanding of general mechanisms
in the data (Molnar, 2019).

3.4.1 Partial Dependence Plots

Partial dependence plots (PDP) were first introduced by Friedman (2001).
Given any model, a PDP visualizes the marginal effect of one or two predic-
tors on the model’s prediction. In other words, a PDP graphically displays the
“change in the average predicted value as specified feature(s) vary over their
marginal distribution” (Goldstein et al., 2015). In a regression setting with
only numerical features, the partial dependence function of the feature set S is
defined as:

fo,PDP(xS) = Ex_ [f ($57Xc)]

/X f(%aXc)[P(Xc)ch

The partial dependence function is plotted for features X g with values zg, X
denotes all other features in the underlying prediction model f . S and C are
disjunct sets of features/predictors, S usually contains one or two elements due
to constraints in visualization. The output of f gets marginalized over the distri-
bution of all variables in C' (i.e. X) such that the partial dependence function
is only dependent on features within set S. Therefore the relationship between
the model’s predictions and x4 can be calculated and visualized. f, ppp can

be estimated using the Monte Carlo method, with x(ci,) being the true value
of feature C at observation ¢ and n being the number of observations in the
dataset:

fzS,PDP (zg) %Zf(l"s@c)

Independence between feature sets C' and S is a necessary condition. Models
for classification that output class probabilities can be explained by a PDP
displaying one line per class. Categorical features can be included by replacing
a feature with the desired category on all observations (Molnar, 2019).

Given that they are a graphical procedure, partial dependence plots can show a
maximum of two features. A drawback and a reason to be cautious when using
PDP is the strong assumption of independence between the features Xg and
X . This assumption may result in the creation of unlikely datapoints, holding
back the entire explanation (Molnar, 2019). Given that a PDP displays only
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one line (i.e. the “average marginal effect”), heterogeneous effects within the
data might get lost. The line might be horizontal even though there are clear
dependencies between features as they might cancel each other out (Molnar,
2019). The individual conditional expectation curves seek to solve this problem
and uncover heterogeneity.

Partial dependency plot
explanation for a random forest model with 50 trees
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Figure 3.1: Partial Dependency Plot for a numeric predictor

Figure 3.1 shows a PDP explaining the predictions of a random forest model with
50 trees, trained on the Boston housing prices dataset published by Harrison and
Rubinfeld (1978). The target variable is the median value of owner-occupied
homes per area, towns around Boston, Massachusetts, USA are included in the
dataset. The data further contains information on each area’s ratio of pupils to
teachers, crime rate, proportion of non-retail business acres, average number of
rooms per building, nitric oxides contentration, etc. In total there are thirteen
numeric predictors available. The PDP visualizes the random forest’s predicted
median house price based on the area’s crime rate. The predictions remain
unchanged for very low crime rates, rapidly decrease until a threshold around
10 and then remain practically unchanged again. The PDP line is extended by a
rug plot on the horizontal axis used to display the predictor’s distribution within
the training data, therefore supporting the explanation by showing regions with
few training data. In the dataset, the distribution of crime rates per area is
clearly skewed. There are few areas with values above 25, making the PDP less
reliable for areas with high crime rates .
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3.4.2 Marginal Plots

A major drawback of partial dependency plots is their underlying assumption
of independent features X ¢ and X (Molnar, 2019). For the calculation of PDP
values in the example above, the crime rate is replaced in all observations. Since
the crime rate in an area is quite likely not independent of other features, this
can lead to the generation of “unreasonable” data points which are used as an
input in the model’s prediction over which the PDP averages. A possibility
to remove unlikely data points is to use the conditional distribution instead
of the marginal distribution. In the example this would mean to average over
predictions of similar data instances. This procedure is called “M-Plots” or
“marginal plots” (Apley and Zhu, 2020). A marginal plot of the set of features
S is a plot of the function

wS,M(xS) = EXC\XS [f(X57Xc) | Xg = ms]

= f($57Xc)d”3 (Xo | Xg =25)
X

versus xg. Typically, the set S contains at most two features. The function can
be estimated by

. 1 i
fzS,M(‘TS): (zg) Z f(msﬂ?(c))

n
i€N(zg)

with N(zg) C {1,2,...,n} being the subset of row indices 4 for which xg” lie
within a small neighbourhood of z ¢ and n(zg) being the number of observations
within this neighbourhood. While omitting unreasonable data points, marginal
plots still suffer from omitted variable bias (Apley and Zhu, 2020). Again in
terms of the example introduced in 3.4.1: If the median house price depends on
the crime rate and some other predictor, the curve f, m(zg) will reflect both
effects. If the crime rate is correlated to the nitric oxides concentration but only
the latter has an effect on the predicted median house price, the marginal plot
for the crime rate would still display a direct relation between crime rate and
predicted median house price. Marginal plots “miz the effect of a feature with
the effects of all correlated features” (Molnar, 2019).

3.4.3 Accumulated Local Effects (ALE) Plots

Accumulated Local Effects (ALE) plots strive to assess main and interaction
effects of (black-box) models, avoiding the problems of PDP and marginal plots
(Apley and Zhu, 2020). Like marginal plots their function is based on the con-
ditional distribution of the predictors. However, instead of calculating averages
of predictions, ALE plots calculate and visualize their differences.

Effects of features correlated to those of interest are blocked by the use of
differences, therefore resulting in a feature’s “pure effect”. Figure 3.2, which is
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Figure 3.2: Graphical intuition for the calculation of accumulated local effects
(ALE) (Molnar, 2019)

presented by Molnar (2019), gives graphical intuition on the calculation of ALE
in a two-dimensional setting for feature x; that is correlated to feature x,. The
feature space of z is divided into a fixed number of intervals (here: five). The
vertical lines represent quantiles of the empirical distribution of x; and borders
of the intervals. For each data instance within an interval, the underlying model
takes two predictions: one with the interval’s upper limit replacing the true
value of feature x, one with the interval’s lower limit (horizontal lines). For the
ALE curve, the differences between an observation’s two “new” predictions are
accumulated and centered. The differences can be written as a partial derivative
(Apley and Zhu, 2020) :

8f ($S7xC)

fs(xs,xc) = drg

The ALE main effect of X is

Ts
vs,ALE (Tg) = / Ex_ix, [ (X, X,) | Xg = zg] dzg — constant

20,1

Ts
= / / % (25, 2,) P (2o | 2g) dvpdzg — constant
%0,1 YZc

Subtracting a constant sets the average effect across the data to zero. The
integral over z is to accumulate the local partial derivatives over the range of
features in set S (Molnar, 2019). z;, is some value near the lower bound of
the effective support of pg(-), which is the marginal density of the features zg.
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Details on the calculation and estimation of Accumulated Local Effects are given
by Apley and Zhu (2020).

Accumulated local effects plot
explanation for a random forest model with 50 trees
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Figure 3.3: Accumulated local effects plot for a numeric predictor

Figure 3.3 shows the ALE plot in the same scenario as figure 3.1. The ALE
values are positive only for very low crime rates (which appear very frequently
as represented by the rug plot above the x-axis). They can be read as the main
effect that a feature has at a certain value when comparing it to the average
prediction of the data (Molnar, 2019). The diamonds along the curve signal the
crime rate’s empirical quantiles. These quantiles were used to define intervals,
resulting in a very dense grid for low crime rates. In the scenario of Figure
3.3, the ALE estimate is close to 1000 at crime rate 0, increasing the median
house price by 1000$ compared to the average prediction. The random forest’s
predictions for a per capita crime rate between 1.5 and 2 result in an ALE
estimate close to 0, signaling that this might be a “baseline crime rate” that
does neither add nor subtract to an area’s median house prices.

The interpretation of ALE values for categorical predictors is similar. Figure
3.4 shows another ALE plot, however the feature “relation to river” is analyzed
instead of an area’s crime rate. The feature has two possible values, an area
can either bound a river or not. The result suggests that any area bounding
the river has its median house price increased by $950 compared to the average
predicted median house price. Note that due to the accumulation applied by
the ALE method, features are obligated to have an order. This order is clear for
numeric features, however multiple possibilities exist for categorical features. An
approach used by Molnar (2019) is to calculate similarities between categories,
based on each observation’s other features. In the scenario of Figure 3.4 this
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Accumulated local effects plot
explanation for a random forest model with 50 trees
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Figure 3.4: ALE plot for a categorical predictor

means comparing those areas bonding a river and those that do not bound a
river by their other characteristics such as crime rate, ratio of pupils to teachers,
property-tax rate etc. The categories are then ordered by these similarities.
Note that different orders result in different ALE values, potentially changing
interpretation.

ALE plots can handle correlated features, however any feature having strong
correlation should not be analyzed by themselves but combined with other fea-
ture, since both usually change together. For ALE plots with two numerical
features see (Apley and Zhu, 2020) and (Molnar, 2019).

3.4.4 Further global interpretation methods

The H-statistic (Friedman and Popescu, 2008) is a (computationally expensive)
method to gain insights into the interactions of features present in any given
model. This method assumes independence among predictors to calculate the
strength of interactions. The nature of these interactions can then be assessed
via PDP or ICE plots (Molnar, 2019). An approach based on functional de-
composition and therefore similar to ALE plots is the generalized functional
ANOVA (Hooker, 2007). This method strives to express a prediction function
as a sum of individual and interaction effects and can be applied for dependent
predictors.

A further way to gain insights into a black-box model is to create a new dataset
by permutating the values of a feature and then to measure the model accuracy
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on the new dataset. Permutating highly influential predictors should increase
the prediction error. The permutation furthermore means that no meaningful
interaction terms are present in the new dataset, so interaction is taken into
account when calculating permutation feature importance. A model-agnostic
way following this idea is to measure the “model reliance” (Fisher et al., 2019)
of model f on a predictor Xg by calculating

Expected loss of f after permutating Xg

MR =
Xs () Expected loss of f without permutating Xgq

Model reliance results in a single parameter per predictor. Since the ratio of
errors is used, the exact values of model reliance on a predictor can be compared
across different models fitted on the same dataset. The use of the model error
for calculating model reliance means that no insights about the “direction” of
any effect can be reached, only the mere presence or absence of said effect. If
the predictors are correlated, permutation can result in unreasonable new ob-
servations similar to the situation for partial dependency plots, therefore adding
bias (Molnar, 2019).

A straightforward way to gain insights on a black-box model is to fit a global
surrogate model, i.e. an interpretable model that uses the same predictors but
has the black-box model’s predictions set as its target values. The quality
of this explanation method is directly related to the accuracy of the original
model. If the black-box model has low predictive power, an interpretable model
might be able to explain the original predictions, however this insights have low
relevance due to the difference between predictions and true values. The quality
of approximation by the interpretable model is usually measured via R-squared,
however there is no clear threshold signalling high or (too) low confidence in
the approximation. Furthermore, interpretable models might approximate the
black-box prediction function well for a subset of data but poor for another
subset (Molnar, 2019). An alternative approach to avoid this potential pitfall
is to use local surrogate models instead. An explanation method using local
surrogate models is discussed in chapter 3.5.3.

Instead of directly explaining the model in its entirety, the concept of “Pro-
totypes” and “Criticisms” (Kim et al., 2016) suggest explanation via selected
examples. Prototypes are observations that are representative for the train-
ing data, Criticisms (or: criticism samples) are observations poorly represented
by said Prototypes. These selected observations can either be used to gain an
overview over the dataset, to create an interpretable model or to add inter-
pretability to an existing (black-box) model (Kim et al., 2016)(Molnar, 2019).
Observations can be selected via using MMD-critic (Kim et al., 2016) or k-
medoids (Kaufman and Rousseeuw, 1987).
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3.5 Local model-agnostic interpretation meth-
ods

Local interpretation methods explain black-box models by investigating indi-
vidual predictions (Molnar, 2019). Contrary to global methods, the same value
of a given predictor may have different consequences for different observations.

3.5.1 Individual Conditional Expectation (ICE) Plots

The underlying concept of individual conditional expectation (ICE) plots is
very similar to the previously introduced partial dependence plots. A PDP
is a visualization of the marginal effect of a set of predictors (usually one or
two) on a predictor’s response. ICE plots disaggregate PDPs and plot a curve
for each observation, thus allowing easier identification of heterogenous rela-
tionships (Goldstein et al., 2015). Given N observations, an ICE plot shows N
individual curves, while the PDP curve is the average of those ICE curves. Using
the same notation as in previous chapters, ICE plots display the curve fys) ICE
against xg) for each instance in { (a:(sw, x(cw) N |. The remaining features a:(g) re-
main fixed (Molnar, 2019). Heterogeneity can be represented with ICE curves,
but some downsides for this visualization remain: If any of the predictors in S
is correlated with another predictor, some areas within the visualization may
be invalid as there are no data points supporting the perturbed training data.
This is a problem that ICE plots share with partial dependence plots. A further
downside is that visualizing curves for a high number of observations may lead
to visual overload for the user. A potential solution for visual overload is to
select a sample of observations and plot their ICE curves only, another solution
is to use centered ICE (c-ICE) plots (Goldstein et al., 2015). Using ¢-ICE plots
also adds clarity when the curves’ intercepts have high variation that potentially
hides heterogeneity. Given an ICE curve fffs) 1o for each observation i, the
corresponding c-ICE curve is

(4) _ () x
fms, c-ICE — fzs, rce —1f (95 axci)

with 2* being a base point within the range of xg, usually the minimum or
maximum and 1 being a vector of 1’s of the appropriate dimension. If z* is
chosen to be the minimum value of 24 then all c-ICE curves start at 0 and the
combined effect of z¢ of f with fixed z, can be displayed (Goldstein et al.,
2015).

Figure 3.5 shows an ICE plot and the PDP curve for the same scenario as figures
3.1 and 3.3. A random forest trained on the Boston Housing dataset was tasked
to predict the median house price per area, each area’s crime rate per capita
was changed in order to estimate the predictor’s effect on the total predicted
value. The PDP is visualized as an orange line which represents the average of
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Individual conditional expectation plot
explanation for a random forest model with 50 trees
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Figure 3.5: ICE plot for a numeric predictor, PDP curve included

all ICE curves. There appears to be a clear trend of decreasing median house
prices for increasing crime rates from 0 to 10, higher crime rates do not have
any effect. Since the intercepts vary between areas, the curves are stacked and
it is difficult to spot any heterogeneity for crime rates between 0 and 10. Since
there are few observations (i.e. areas) with crime rates above 25, the predictions
in this area have low validity.

Figure 3.6 shows the centered ICE plot for the same scenario as figures 3.1,
3.3 and 3.5. The predicted values were centered at crime rate 0, so each curve
shows the difference of its area’s predicted median house price at a given crime
rate to the predicted median house price at crime rate 0. The orange line
represents the centered PDP curve. Centering the curves highlights the presence
of heterogeneity for low crime rates, which was not clearly visible in Figure
3.5 (ICE plot) nor Figure 3.1 (PDP). Some areas’ predicted values increase
when the crime rate increases from 0 to 5, some remain unchanged, others
decrease instantly. Furthermore it becomes apparent that the crime rate’s effect
is not equally strong on all observations. For some areas, the predicted median
house price decreases by more than $5,000, while the PDP curve shows an
average decline of only $2,000. The prediction for some areas even increases
for crime rates higher than 0. Diverging ICE and c¢-ICE curves (as seen in this
scenario) indicate interactions between the displayed feature (i.e. the per capita
crime rate per area) and other features. Parallel ICE curves indicate additive
effects o and zg. If the remaining predictors z, have no influence on the
model’s prediction, the ICE curves are identical (Goldstein et al., 2015). If the
variable whose influence on the model gets explained via ICE is categorical, the

28



Centered individual conditional expectation plot
explanation for a random forest model with 50 trees
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Figure 3.6: Centered ICE plot for a numeric predictor, PDP curve included

proposed visualization are boxplots instead of curves. Figure 3.7 shows such
an example. The median house price per area is plotted for the same scenario
as in figure 3.4, resulting in a boxplot per category. Even though the median
of predicted median house prices is higher when a given area bounds Charles
River, there are observations where the state “area does not bound river” results
in a very high predicted value. It is difficult to see a more precise effect of the
categorical predictor since the predictions belonging to the same observation (in
this scenario: the same area) are not grouped as they are when using ICE plots
for a numerical predictor (i.e. by displaying a single curve per observation).

ICE plots are mainly used to display the effects of a single predictor, however
it is also possible to include information on a second predictor z;, by colouring
the curve of prediction f (") according to :L’gf). This approach is feasible for
both numeric and categorical predictors z;, (Goldstein et al., 2015). However,
adding colours to an already crowded visualization can lead to visual overload.

A possible solution is to only plot a sample of all observations.

Figure 3.8 shows an ICE plot using colour to include information on the area’s
location in addition to the effect of the crime rate. The colour coding adds the
information that most areas do not bound a river. The effect that a change in
crime rate has on predicted median house prices does not seem to vary strongly
between areas bounding a river and those that do not.

Interaction effects and heterogeneity can further be assessed via derivative ICE
plots (“d-ICE plots”) (Goldstein et al., 2015). This procedure plots an estimate

of the partial derivative of the estimated response function ag;:) against either
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Individual conditional expectations plot
explanation for a random forest model with 50 trees
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Figure 3.7: ICE plot for a categorical predictor

Centered individual conditional expectation plot
explanation for a random forest model with 50 trees
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Figure 3.8: Centered ICE plot for a numeric predictor with information on a
categoric predictor and PDP
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the quantiles of zg or its actual values.

3.5.2 Shapley Values

Shapley values were first introduced in 1953 (Shapley, 1953), before the research
area of machine learning, let alone model-agnostic interpretation methods for
machine learning surfaced. The concept stems from game theory and longs to
describe a “method for assigning payouts to players depending on their con-
tribution to the total payout” (Molnar, 2019). In a machine learning context,
the values of a single observation’s predictors represent the players, the game is
the prediction task for said single instance. The payout or gain represents the
difference between the prediction for the single instance (on which the players
collaborated) and the average prediction over all observations. Shapley values
have desireable properties and advantages that justify discussing the method,
even though its downsides prevent it from being fully implemented to interpret
and explain a complex machine learning algorithm.

Shapley values do not interpret the actual predicted value but instead the dif-
ference between the prediction for a given observation and the average predicted
value for all observations. As a local explanation method, each observation x;
has a Shapley value ¢ per feature, so for a given feature j its corresponding
¢; ; may be interpreted as the contribution of the j-th feature to the predic-
tion of instance z,;,% = 1,...,n compared to the average prediction across all
n observations (Molnar, 2019). The Shapley value ¢, ; represents the average
contribution of feature j of observation i to the predicted value of observation
i across different feature constellations (“coalitions”). Based in game theory, it
is the only method satisfying the following four desirable properties or axioms:
efficiency (the difference between the predicted value f(x;) on observation x;
and the average prediction E [ f (w)] equals the sum of feature contributions ¢, ;,
thus guaranteeing fair distribution of the difference among the model’s predic-
tors); symmetry (¢, ; = ¢, , if features j and k contribute equally to all possible
coalitions); dummy (a feature j that never changes the predicted value in any
setting has ¢; ; = 0 Vi = 1,...,n) and additivity (if two games with payouts
(i.e. prediction differences) are combined, the Shapley values of the new game
are the sum of the values of the respective games, so the Shapley values of a
random forest are the sum of the values for each tree) (Molnar, 2019).

Slightly tweaking the formula such that the assigned payout is no longer the
difference between f (z;) and the mean predicted value but the difference to
a prediction of another observation f (xj> or even any value ¢ further allows
contrastive explanations (Molnar, 2019), a crucial benefit since social science
research indicates that “people do not explain the causes for an event per se, but
explain the cause of an event relative to some other event that did not occur”
(Miller, 2019) and that it for both computational and human explanation is often
easier to explain a contrastive question than to provide a full causal attribution
(Lipton, 1990)(Miller, 2019).
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The original application of Shapley values was in cooperative game theory. In a
machine learning context there are multiple implementations differing in their
referral to the prediction model, training data and the explanation context.
A sample of nine approaches is provided by Sundararajan and Najmi (2020).
Differences between the various Shapley value approaches root in two main
sources, these being the role of training data in the definition (some procedures
rely on training data, others only demand the underlying model’s prediction
function) and the extension of Shapley values (which are implicitly defined for
binary features) to continuous predictors (Sundararajan and Najmi, 2020). Two
approaches satisfying linearity, dummy and symmetry are “Baseline Shapley”
and “Integrated Gradients” (Sundararajan and Najmi, 2020), yet both do not
claim to satisfy the efficiency axiom. A method satisfying all four previously
stated axioms is given by (Lundberg and Lee, 2017), but both dummy and
linearity can break down for the set function in certain settings (Sundararajan
and Najmi, 2020).

Unfortunately, the desireable properties of Shapley value explanations have some
unfavorable consequences. The efficiency property guarantees fair payout dis-
tribution among all features, but also demands that each predictor within the
input data gets reported in the explanation - this may overwhelm recipients of
the explanation and also contradicts the human explanation process: Mostly
due to cognitive reasons, people select an arbitrary (low) number of available
causes as an explanation for a given event (Miller, 2019). As the computation
time increases exponentially with the number of predictors, approximative solu-
tions have to be used, which in turn increase the variance of the Shapley values
(Molnar, 2019).

In general, Shapley values offer theory-based explanations that fulfill desireable
properties, yet their computationally expensive calculation as well as the (for
some implementations) necessary access to training data makes exact compu-
tation of Shapley values in practice often infeasible.

3.5.3 Locally Interpretable Model-agnostic Explanations
(LIME)

In chapter 3.4.4, global surrogate models have been introduced. A potential
shortcoming of this approach is that there is no guarantee that the “simple” in-
terpretable model fits the black-box model’s complex prediction function across
all observations and the complete feature space. However, it is desirable for an
observation’s explanation to correspond to the model behaviour in the proximity
of said observation (“local fidelity”) (Ribeiro et al., 2016¢), so global accuracy is
not always sufficient. This promotes the use of local surrogate models, as they
are specifically tailored to explain individual predictions instead of a complex
model in total (Molnar, 2019). Surrogate models do not depend on any inter-
nal specifics of the complex model but only on its predictions, so they are by
definition model-agnostic with all benefits and shortcomings specified in 3.3.
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A recently introduced model-explanation method using surrogate models is
“Locally Interpretable Model-agnostic Explanations” (LIME) (Ribeiro et al.,
2016¢). The authors introduce an extensive and flexible framework to explain
complex models. In contrast to most methods introduced in 3.4 and 3.5, the
authors explicitly introduce the application of their method for text and image
data as well as for “classic” tabular data. A key idea to explain predictions
on non-tabular data is to use “interpretable data representations” for expla-
nations. Given text data (which is by definition human-readable), a classifier
may use word embeddings which are incomprehensible to human users of the
model. LIME explanations show interpretable representations that may only
indicate the presence or absence of a given word within an observation (usually
a document), i.e. a bag of words with limited size. On image data, the authors
introduce explanations via the presence or absence of “super-pixels” (i.e. con-
tiguous patches of similar pixels). In mathematical notation, € R? denotes
the original representation of an instance, the binary vector of its interpretable
representation is ” € {0,1}? (Ribeiro et al., 2016¢).

The concept of LIME does not directly obligate the human user to use a fixed
explanation model (i.e. the surrogate model). Instead, the explanation model
is defined as any interpretable model g that can be “readily presented to the
user with visual or textual artifacts” (Ribeiro et al., 2016¢). The complexity of
the interpretable explanation model g is measured by Q(g). Q(g) may be the
depth if g is a decision tree, or the number of non-zero weights if g is a linear
model. Clearly 2(g) cannot grow infinitely, as even for interpretable models
such as decision trees, humans can only grasp a certain number of parameters
or nodes. As further notation, let f : R? — R be the (complex) model to be
explained. To define the necessary locality of explanations, the authors set 7, (2)
as a proximity measure between an instance z and the input observation x.

In order to locally approximate f with an interpretable model g around = and
its interpretable representation x’, non-zero elements of 2’ are uniformly drawn
at random. This results in a perturbed sample 2z’ € {0,1}¢. Each 2’ contains a
fraction of the non-zero elements/predictors of the observed 2" and gets weighted
by m,. Those generated samples z’ that share many elements with z’ receive
higher weight than those that only share few elements. For each new 2’ the
complex model f calculates f(z) on the original representation z € R%. The
perturbed samples z and their associated labels (i.e. the model’s predictions
f(z)) form a dataset Z.

To measure the prediction quality of the interpretable model g against the com-
plex model f locally around any observation z, the loss £ (f, g, 7,,) is introduced.
To achieve good locally interpretable explanations with local fidelity, the loss
has to be minimized while the complexity €(g) has to remain low enough for
the interpretable model g € G with G being a class of models that are deemed
interpretable. LIME produces explanations £(z) via optimizing

f(l‘) = argmin £ (f’ 9, Wm) + Q(g)
geG
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on the dataset £ of perturbed samples within the neighborhood of z. The choice
of models that belong to G has to be made with regards to the recipients of
the explanation. The authors of the LIME paper focus on using sparse linear
models g(2’) = w, -2’ for the practical implementation of their concept (Ribeiro
et al., 2016¢). As for the proximity measure 7, (2), the practical implementation
suggests an exponential kernel defined on a given distance function D with

width o: m,(2z) = exp <%€Z>2
distance. Using this proximity measure, the class of linear models as G, and
locally weighted square loss, the loss is

L(figimy) = Y m(2)(f(2) = g(2))

2,2/ €2

). When using text data, D may be the cosine

For text data, it was already established that the interpretable representation
corresponds to a bag of words. To remain interpretable, the size of said bag
of words is conditioned to not exceed an integer K € N in order to be inter-
pretable, so Q(g) = ool [||wg||0 > K] with w, being the weights of the linear
model. This formulation of Q(g) renders the direct solution of {(x) infeasible.
However, the solution can be approximated by selecting K features (the authors
use LASSO for this task) and using least squares to learn the weights. Algorithm
1 demonstrates the calculation of explanations with LIME. The algorithm pro-
duces explanations for any single observation, therefore the computation time
depends on the time to produce a prediction from the complex model f and on

the number of samples N, but not on the size of the dataset (Ribeiro et al.,
2016¢).

Require: Classifier f, Number of samples N;
Require: Instance x and its interpretable representation x’;
Require: Similarity kernel 7, Length of explanation K € N;

21}
for i € {1,2,3,...,N} do

2, < sample_around(z’);

Z+2U <Z;a f(zi)7 7TI<21)>
end
w + LASSO(Z,K) with f(z) as target, maximum K selected features z;
Algorithm 1: Sparse Linear Explanations using LIME (Ribeiro et al.,
2016¢)

LIME produces individual, local explanations for each observation. In order to
get a more general understanding about the underlying complex model, expla-
nations for multiple instances have to be assessed. If a user is interested about
reasons for a model’s failure, it may be beneficial to explain some of those
instances that the model predicted wrong. In order to receive a “global under-
standing” of the model, the “submodular pick” (SP) algorithm is introduced
in the same article as LIME. The SP algorithm picks diverse instances with
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non-redundant explanations that can represent the model’s global behaviour
(Ribeiro et al., 2016¢). Explanations generated via LIME will be presented in
chapter 5.
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4 Practical Implementation of
Text Mining

As the main focus of this thesis is on interpretable predictions of black-box mod-
els in text mining, it is necessary to generate said predictions. The prediction
task was to detect a binary (positive or negative) sentiment from movie reviews
using black-box algorithms. All computations were made using the software R,
version 4.0.5 (R Core Team, 2020).

4.1 Dataset

The prediction task was based on a dataset containing 50,000 movie reviews
scraped from the Internet Movie Database (IMDB). This dataset was collected
and published by Maas et al. (2011). It is not exactly clear how many distinct
movies are included as the data does not contain movie IDs, however the authors
state that no movie has more than 30 reviews, so the data includes at least 1667
objects that got rated by users of the website. Each film may be rated by
text and a number of stars between one (atrocious) and ten (excellent). Thus,
IMDB is an excellent data source for text mining tasks as the awarded stars
serve as labels for the text, easily allowing supervised learning. For the binary
classification, reviews awarding one to four stars were classified as negative, and
those awarding a movie seven stars or more were classified as positive. Balanced
reviews with five or six stars were not included in the training or test data.

4.2 Preprocessing the data

Each review was originally entered on a website and is represented as a text file.
Due to the web-scraping process, some files further contain HTML snippets that
have no relation to the content as well as some characters that were wrongly
represented within the encoding. In order to render the data accessible for any
supervised machine learning model, extensive preprocessing is necessary. Dur-
ing the preprocessing regime each word is converted to lowercase, all HTML
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snippets and most special characters are removed (notable exceptions: apostro-
phes in contractions and hyphens between characters, allowing the preservation
of hyphenated words). Afterwards, the strings get split at each blank. This
process of breaking the text into “meaningful constituents” is referred to as
“Tokenization” (Feldman and Sanger, 2007). A single document (i.e. a review)
is represented by a list of tokens. After having split the text, the tokens can now
be recombined into n-grams, combinations of n consecutive linguistical items.
1-grams may be referred to as unigrams (here: single words), 2-grams as bigrams
and 3-grams as trigrams (Hvitfeldt and Silge, 2021).

To decrease dimensionality and increase the proportion of words that carry in-
formation or sentiment, words that add little informational value (“stop words”
such as “the”, “a”, “by”) are removed. Global stop words are detected using the
predefined Marimo list from the R-package “stopwords” (Benoit et al., 2021).
As all documents within the corpus are movie reviews, movie-related subject
specific stop words (e.g. “movie”, “film”, “actress”, “plot”) are only included as
parts of bi- or trigrams but excluded from appearing as unigrams (“good plot”

shows sentiment, “plot” does not).

Most supervised methods cannot process lists of tokens or n-grams directly, so
each review has to be processed further. Typically, each document is represented
as a vector within the feature space, with each word used within the document
collection (i.e. the corpus) being a feature (Feldman and Sanger, 2007). The
dimensionality of the feature space may be decreased by removing stop words
as well as by only “accepting” those tokens that occur most frequently. The
number of words to be included into the feature space is a parameter that can
be tuned when training and evaluating supervised models. If the feature space
is set to include the 1000 most frequently occuring tokens or n-grams within a
corpus, each document within the corpus is represented by a vector of dimension
1000. Those tokens that do not appear in a review are typically represented by
0.

As for representing n-grams present within a document, multiple weighting
schemes exist within the classic “bag of words” framework (Witten, 2004)(Feld-
man and Sanger, 2007). Perhaps the simplest approach is to use binary features
only, so each token present within a document is represented by 1. The obvi-
ous extension might be to count each n-gram within a document, such that a
n-gram is no longer represented by only 0 and 1 but by any natural number.
However, doing so puts emphasis on commonly used words, regardless of their
significance to a document’s class. A commonly used weighting scheme that
takes advantage of rare terms carrying more information than frequent ones
(Witten, 2004) is to count an n-gram’s “term frequency” (tf) and “document
frequency” (df). These numbers are then used to compute the “term frequency
- inverse document frequency” (tf-idf or tfidf) of an n-gram 2 within a document
d and a corpus of size N. A basic formula is presented by Feldman and Sanger
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(2007) as

N

ti-idf(x, d) = tf(z, d) - log (df(x))

with df(z) representing the number of documents within the corpus that con-
tain the n-gram z and tf(z,d) counting the n-gram z within document d. This
formula may be adapted by standardizing each tf-idf by the length of its cor-
responding document. It is further common to add 1 to the fraction to avoid
calculating the log of zero, which would happen if a term is not appearent in
a given document. The default formula to calculate the tf-idf of a term used
within the R package “textrecipes” (Hvitfeldt, 2020) is

N 1
tf-idf(x, d) = tf(x, d) - | 14+ — | =
idf(z, d) (@,d) - log ( df(x)) ly

using the same notation as above and with [; being the number of n-grams
within document d. This formula is used in all further analysis.

After the preprocessing, the movie reviews have been transformed from a collec-
tion of 50,000 labeled text files into a matrix of 50,000 rows. The matrix’s first
column is the review’s label (i.e. positive or negative), the remaining columns
contain the tf-idf values. Thus, the previously unstructured textual data can
now be analyzed using supervised machine learning algorithms.

4.3 Supervised Learning

The text data has been transformed into a matrix of features suitable for general
supervised machine learning algorithms. The purpose of each model is to detect
a review’s sentiment. As the reviews are labelled as either positive or negative,
this corresponds to a binary classification task. Given that LIME, a method
for post-hoc interpretability will be applied afterwards, only complex “black-
box” model types were selected: random forest, XGBoost and SVM with linear
kernel. Every model was trained with different parameters as well as different
numbers of n-grams. The parameter constellations are described in table 4.1.

The SVM with linear kernel got trained on less n-grams than the other models
due to its enormous computation times. Both the random forest and XGBoost
got trained with either 1000, 2000 or 3000 uni- and bigrams as features, whereas
the linear SVM only got trained with either 100 or 500 uni- and bigrams. It is
worth noting that the majority of features are unigrams with only few bigrams
supplementing. Out of the most frequent 1000 n-grams after tokenization and
removing stopwords, 973 (97.3%) are unigrams, as are 1872 of the most frequent
2000 (93.6%) and 2729 when including the most frequent 3000 n-grams (91.0%).
The SVM sees almost no bigrams at all: 100 of the most frequent 100 and 497
of the most frequent 500 n-grams within the training data are unigrams.
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Table 4.1: Parameter constellations for models

Type of model Number of Additional Values for

n-grams used tuned parameter tuned parameter
Random Forest | 1000, 2000, 3000 | Trees 50, 250, 500
XGBoost 1000, 2000, 3000 | Learning rate 0.15, 0.30, 0.50, 0.60
linear SVM 100, 500 Cost 0.75, 1

Table 4.2: Random forest evaluated on training data, five-fold crossvalidation

mean accuracy | standard error
number of n-grams | number of trees ..

on training data of accuracy
1000 50 0.82160 0.0019718
1000 250 0.83044 0.0024441
500 0.83128 0.0022455
50 0.83376 0.0015184
2000 250 0.83892 0.0027739
500 0.84148 0.0020086
50 0.83320 0.0022154
3000 250 0.84560 0.0023281
500 0.84564 0.0018734

Each model was trained on a balanced subset of 25,000 reviews (12,500 positive
and 12,500 negative) using five-fold crossvalidation. As the classification setting
is binary and there is no direction of error whose consequences are more severe,
the model’s accuracy on the test dataset of those remaining 25,000 reviews is
used as the metric to select the best parameter constellations per “model type”.

4.3.1 Random Forest

For the random forest, the number of trees was chosen as the parameter to be
tuned, with either 50, 250 or 500 trees incorporated in the model. Every tree
uses |/m| variables with m being the number of available predictors (i.e. either
1000, 2000 or 3000), has a minimum node size of 10 reviews, uses the Gini
index as splitting criteria and allows only binary splits. Table 4.2 displays the
results of all random forest models evaluated on the training data using five-fold
crossvalidation. The mean accuracy of the random forests over the datasets
created by crossvalidation generally increases both with the number of trees
within the model and with the number of uni- and bigrams available as training
data. The lowest mean accuracy of 0.8216 is obtained by a random forest using
50 trees and 1000 features, the smallest of all constructed random forest models.
In constrast, the maximum mean accuracy of 0.84564 on the training data is
obtained by the largest model, containing 500 trees and 3000 features.
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Table 4.3: Confusion Matrix - Random forest evaluated on test data

Prediction Truth
negative | positive
negative 0.42704 | 0.0754
positive 0.07296 0.4246

Table 4.4: XGBoost evaluated on training data, five-fold crossvalidation

mean accuracy | standard error
number of n-grams | number of trees .

on training data of accuracy
1000 0.15 0.76540 0.0021024
0.30 0.79180 0.0013856
1000 0.50 0.80104 0.0020942
0.60 0.80048 0.0018959
0.15 0.76436 0.0026026
2000 0.30 0.79016 0.0025079
0.50 0.80208 0.0024320
0.60 0.80148 0.0023871
0.15 0.76704 0.0040882
3000 0.30 0.79012 0.0014921
0.50 0.80208 0.0016169
0.60 0.80140 0.0014227

Said model with the highest accuracy is then retrained on the full 25,000 re-
views of the training dataset before getting evaluated on the test dataset of
25,000 reviews. Identically to the training dataset, the test dataset also con-
tains 50% positive and 50% negative reviews. The final out-of-sample accuracy
is 0.85164. Table 4.3 displays the proportional confusion matrix of the random
forest evaluated on the test dataset. There is no systematical error as the ran-
dom forest predicted close to 50% of the comments to be positive or negative
as well as correctly identified 42.7% of the reviews as negative and 42.5% as
positive reviews.

4.3.2 XGBoost

Introduced by Chen and Guestrin (2016), XGBoost constitutes a computation-
ally efficient implementation of gradient tree boosting. The model allows for
flexible parameter constellations, however in this thesis only the learning rate
was tuned with possible values of 0.15, 0.30, 0.50 and 0.60. The model consists
of fifteen trees, each having binary splits, maximum depth 6 and minimum leaf
size one. Contrary to the random forest, each tree uses all available predictors
as the trees are built sequentially.
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Table 4.5: Confusion Matrix - XGBoost evaluated on test data

Prediction Truth

negative | positive
negative 0.38428 | 0.07864
positive 0.11572 | 0.42136

Table 4.4 contains the results of each XGBoost model evaluated on the training
data using five-fold crossvalidation. Contrary to the random forest, the mean
accuracy does not improve when the number of available features is increased,
but lies between 0.76 and 0.80 regardless. Increasing the learning rate to 0.50
yields the highest mean accuracy for all three settings, a learning rate of 0.60
results in a slight decrease on mean accuracy. The worst predictive performance
comes from those XGBoost models with a learning rate of 0.15, regardless of
the number of features the mean accuracy is around 0.765. The very best
XGBoost model on the training data contains 2000 predictors, uses a learning
rate of 0.50 and results in a mean accuracy of 0.80208. After being retrained on
the full training data, this model results in an accuracy of 0.80564 when being
applied on the same balanced test data as the random forest. This is around 4.6
percentage points worse than the best random forest model. Table 4.5 displays
the model’s confusion matrix on the test data. There appears to be a bias
towards positive predictions as the best XGBoost model predicted 53.7% of all
reviews to be positive. This results in a larger proportion of negative reviews
incorrectly being classified as positive. The performance on those reviews that
are factually positive is comparable to the best random forest model, but the
XGBoost model is worse on factually negative comments.

4.3.3 Support Vector Machine

For the support vector machine a linear kernel was chosen as it is a popular
choice in literature e.g. with Maas et al. (2011) and Go et al. (2009). The cost
parameter was selected to be either 0.75 or 1.00, controlling the cost of predicting
a sample within or on the wrong side of the SVM’s calculated margin. Due to
the enormous runtime, the SVM models were only trained on either 100 or 500
predictors, those almost exclusively being unigrams (0 of 100 and 3 of 500 are
bigrams).

Table 4.6 displays the mean accuracy of each constructed linear SVM, evaluated
on the training data using five-fold crossvalidation. Changing the cost parameter
does not result in meaningful differences of the mean accuracy. Predictions
improve when the number of predictors is increased to 500. The parameter
constellation that yields the highest mean accuracy on training data is to use
500 features and a cost parameter of 0.75, resulting in a mean accuracy of
0.8336. Evaluated on the out-of-sample test data, this model has an accuracy
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Table 4.6: linear SVM evaluated on training data, five-fold crossvalidation

mean accuracy | standard error
number of n-grams | cost ..
on training data of accuracy
100 0.75 0.73276 0.0009558
100 1.00 0.73272 0.0010707
500 0.75 0.83360 0.0019829
1.00 0.83252 0.0013396

Table 4.7: Confusion Matrix - linear SVM evaluated on test data

Prediction Truth

negative | positive
negative 0.41244 | 0.07572
positive 0.08756 | 0.42428

of 0.83672. The confusion matrix of this model evaluated on the test data is
presented in table 4.7. The linear SVM is slightly biased towards classifying a
review as positive, doing so for 51.2% of all predictions. However, this bias is
less severe than for the XGBoost model. Therefore, the proportion of negative
predictions that are incorrectly classified as positive is slightly higher than the
“opposite” error. 41.2% out of 50% are correctly classified as negative and 42.4%
out of 50% are correctly classified as positive.

Table 4.8 gives an overview of the results for all models presented. The random
forest model has the highest accuracy on both training and test data.

Table 4.8: Results - best parameter constellation per model

model mean accuracy on training data | accuracy on test data
Random Forest 0.84564 0.85164
XGBoost 0.80208 0.80564
Linear SVM 0.83360 0.83672
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5 Generating post-hoc interpre-
tations using LIME

In chapter 4 it was demonstrated that random forest, XGBoost and linear SVM
models can be used to differentiate between favourable and unfavourable reviews
towards movies. Due to the complex structure of each model, it is unclear what
exactly the algorithms have “learned” in order to classify a review as positive or
negative. In this chapter, predictions from each model are analyzed using locally
interpretable model-agnostic explanations (LIME). Introduced in chapter 3.5.3,
LIME provides a framework to explain predictions from any model via a local
surrogate model that can be interpreted. Using the implementation provided
by Pedersen and Benesty (2021) via the R package “lime”, version 0.5.2, said
surrogate model is a weighted linear model. As LIME uses “interpretable repre-
sentations” of the original features (i.e. each n-gram’s tf-idf), the linear models
are trained using binary features representing the presence or absence of any
n-gram which constitutes the basic bag-of-words approach.

In order to generate sufficient trust and gain “global understanding” of a pre-
diction model, Ribeiro et al. (2016¢) suggest explaining multiple representative
predictions. The authors introduce the “submodular pick” algorithm, a method
to select those representative and non-redundant predictions using submodular
optimization. However, even though LIME is extensively used, the submodular
pick is yet to leave an impact in the literature. Its low usage is also demonstrated
by its omission from the “lime” package in R.

In this thesis, the main task for LIME is to explain why the complex models
failed to recognize the sentiment of some reviews. Therefore, those ratings that
got assigned the highest probability for belonging into the wrong class per model
are selected to be explained with LIME. As mentioned in chapter 3.5.3, the size
of an explanation given by LIME is flexible. In this scenario, the explanations
were constructed to contain the six most relevant uni- or bigrams for each review.
Those predictors are selected using LASSO.
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5.1 False Negative Predictions

Each model got applied on a balanced dataset of 25,000 observations, containing
12,500 positive and 12,500 negative reviews, as introduced in chapter 4.1. In this
section, those two positive reviews which each model predicted to be negative
with the highest probability are analyzed and the predictions are explained using
LIME. The discussed reviews can be found in section 7 in full length.

5.1.1 Random Forest

The review RFposl got classified as negative with probability 0.904. For a
human reader, the review clearly contains strongly positive sentiments towards
the Danish movie “De stgrste helte”:

This must be one of the funniest Danish movies ever made. Ulrich
Thomsen and Thomas Bo Larsen are hilarious, as they drive across
Sweden. I don’t know how Ulrich Thomsen does it, but somehow
he can manage to play insane in a very sane way. BUT if you
don’t understand Danish (I am not referring to your pastry here)
don’t waste your time on this A— I don’t think it would work with
subtitles.

RFposl: positive review that the random forest model predicted to be
negative with the highest probability

The movie receives praise in the beginning, with positive terms such as “one
of the funniest”, “hilarious”. However, the author warns everybody who is not
capable of understanding the movie without subtitles to not watch it at all.
The local explanation given by LIME using sparse weighted linear regression
suggests that the last part has overwhelming impact on the negative prediction.
The explanation can either be presented graphically or in tabular form. Table
5.1 presents the six most important predictors and their weight in the sparse
weighted linear regression, i.e. the impact that their presence has on the overall
prediction of the underlying complex model. Furthermore, the table contains
the predicted label and its probability according to the black box model, and
both R-squared and intercept of the surrogate sparse linear model. For the
review RFposl presented above, the explanation given by LIME suggests that
the term “waste” is responsible for the wrong prediction given by the random
forest. LIME trained a sparse linear model on perturbed samples of the original
review using only six features that were selected via LASSO. As presented in
the third column, this simple model fits the predictions of the complex random
forest very well, resulting in an R-squared of 0.974. The predictor “waste” has by
far the highest positive (and absolute) weight in the linear model, meaning that

W

it contributes most to the predicted label “negative”. The terms “time”, “ever”
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Table 5.1: LIME explanation for the prediction of the random forest model
about the sentiment of review RFposl using six features

Term Weight! [ R-squared? | Intercept® | Pred. label* | Prob.”
waste 0.676

time 0.106

ever 0.034 .

TiTaTions 0,007 0.974 0.107 negative 0.904
funniest -0.019

somehow 0.009

! weight in local explanation

2 R-squared of local explanation

3 Intercept of local explanation

4 Label predicted by black-box model
5 Probability of predicted label

and “somehow” also add some weight towards the label “negative”, whereas the
terms “hilarious” and “funniest” have low negative weights, so LIME realized
that these predictors decrease the probability of a review being negative.

Perhaps more aesthetically pleasing, the results of any explanation given by
LIME can also be displayed in a plot. Figure 5.1 shows the same explanation
as before, using a bar chart. A label and the predicted probability of belong-
ing to that class as well as the local explanation’s intercept and R-squared are
presented as headers. Using this visualization it becomes clear that the term
“waste” has overwhelming responsibility for the negative prediction. The un-
derlying random forest was trained on unigrams and bigrams only. Appearently
this resulted in the direct connection from “waste” to negative reviews, and this
relation seems to be stronger than the relation between clearly positive terms
as “hilarious” or “funniest” and positive reviews.

The full text of the positive review RFpos2 that the random forest predicted
to be negative with the second highest probability of 0.903 can be found in the
appendix. It starts with the clearly positive phrase “This movie made me laugh
so hard that it hurt” before using prebuttal. The author states negative aspects
(e.g. “some of you who may think that this movie is nothing more than a waste
of film”) before arguing that the movie is in fact perfectly enjoyable (” But the
thing that most people don’t get is that this movie was intended to be bad and
cheezy.”). As it was trained only on uni- and bigrams, the random forest was
appearently unable to pick up the prebuttal. Table 5.2 contains the results of
the local explanation given by LIME.

For this instance, there is no single predictor that has overwhelming weight.
Instead, the local explanation’s intercept alone lies at 0.577 with no further
weight above 0.10. The term “waste” that the explanation identified to strongly
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Label Returned from Black Box Model: negative
Probability Returned from Black Box Model: 0.9
R-Squared of Local Explanation: 0.97

pt of Local Expl. ion: 0.11
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Figure 5.1: LIME explanations for review RFposl, using six features

Table 5.2: LIME explanation for the prediction of the random forest model
about the sentiment of review RFpos2 using six features

Term Weight | R-squared | Intercept | Pred. label | Prob.
bad 0.096

waste 0.088

horrible 0.063 .
Sdiculons 0.057 0.629 0.577 negative 0.904
nothing 0.041

instead 0.038
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Table 5.3: LIME explanation for the prediction of the XGBoost model about
the sentiment of review XGBposl using six features

Term Weight | R-squared | Intercept | Pred. label | Prob.
bad 0.151
worse 0.086
1a3§]ggle gzggg 0.793 0.552 negative | 0.984
ridiculous 0.063
badly 0.062

influence the classification of review RFposl (weight 0.676) is again influential
for RFpos2, however it receives lower weight of 0.088. The six predictors selected
via LASSO all add positive weight in the local explanation, meaning that they
increase the probability of a negative classification when used in a perturbed
sample of RFpos2 and applied on the random forest. However, the sparse linear
model trained on the perturbed sample could not fit the predictions of the
underlying random forest as well as for RFposl, as is demonstrated by the
lower R-squared of 0.629.

5.1.2 XGBoost

Again, LIME is asked to explain those two predictions of positive reviews which
the XGBoost model predicted to be negative with the highest probability. Re-
view XGBposl describes the movie “The Robot vs. The Aztec Mummy” as
“totally awesome”, “hilarious”, “countless laughs” and “utterly monkeydellic”
(sic!). Furthermore, the author fondly notes the movie’s “laughable” special
effects, “ridiculous” acting and “badly choreographed” action to underline his
positive impression. Any reader of the review is further encouraged to see a
dubbed version, having “even worse actors”. The XGBoost model was clearly
unable to pick up the irony, as it predicted the review XGBposl to be negative

with probability 0.984.

Table 5.3 gives the local explanations obtained via LIME using six predictors.
The local explanation fits the behaviour of the underlying model well, resulting
in an R-squared of 0.793. The most relevant predictors are “bad”, “worse” and
“laughable”, all having positive weights that add to the already high intercept
of 0.552. This indicates that the XGBoost model (correctly) identified those
terms to be negative in their meaning.

The positive review that was predicted to be negative with the second highest
probability by the XGBoost model (XGBpos2) turns out to be the same as from
the random forest model (RFpos2). However, the XGBoost model was even
more confident in its prediction, as the review was classified as negative with
probability 0.981, compared to probability 0.904 obtained by the random forest.
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Table 5.4: LIME explanation for the prediction of the XGBoost model about
the sentiment of review XGBpos2 using six features

Term Weight | R-squared | Intercept | Pred. label | Prob.
waste 0.122

horrible 0.101

bad 0.087 .
Sdiculons 0,059 0.745 0.594 negative 0.981
nothing 0.047

instead 0.044

The local explanation was further able to fit the predictions of the XGBoost
model better, as the R-squared increases from 0.629 (underlying model: Random
Forest) to 0.745. According to the local explanations presented in tables 5.2 and
5.4, both models agree on the six most influential predictors, suggesting that
they “learned” the same underlying structure. Again, the irony and prebuttal
was not detected as the preprocesing regime resulted in only unigrams and
bigrams without any possibilities to embed further context. However, even if
some more complex encoding was used in the preprocessing scheme, LIME would
not be able to capitalize on that. This is further discussed in the conclusion.

5.1.3 Support Vector Machine

The support vector machine with linear kernel gets evaluated and “explained”
using the same procedure. As mentioned in chapter 4.3.3, the SVM model to
be explained was only trained on 500 predictors, a significantly smaller training
dataset than used for the best random forest (3000) or XGBoost (2000) models.

As for the review SVMposl which got predicted to be negative with probability
0.988, the local explanation fits the behaviour of the SVM only poorly. As pre-
sented in table 5.5, the explanation receives an R-squared of only 0.31, which
is by far the lowest value of all explanations previously shown. The review is
labeled as positive (meaning that the reviewer has rated the movie with at least
7/10 “stars”), even though the text itself is quite critical of the movie. State-
ments such as “irrational plot” and “poor writing” reveal negative sentiments,
as the author hopes for a “serious overhaul”. The explanation indicates a high
intercept of 0.802 with the six most influential predictors all adding further
positive weight towards a classification as “negative”.

LIME’s explanation for SVMpos2, the positive review that the linear SVM
predicted to be negative with the second highest probability (0.981) has the
same shortcomings as the explanation for SVMposl: the sparse linear model
is not able to properly fit the predictions from the complex black box model,
as indicated by the low R-squared of 0.535 in table 5.6. This review contains
statements as “my only comment is ‘OH WOW’”, “pure sexual dynamite” and
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Table 5.5: LIME explanation for the prediction of the linear SVM model about
the sentiment of review SVMpos] using six features

Term Weight | R-squared | Intercept | Pred. label | Prob.
unfortunately 0.071

poor 0.068

tf;?ﬁg 8:8‘;’;1 0.317 0.802 negative | 0.988

making 0.017

writing 0.014

Table 5.6: LIME explanation for the prediction of the linear SVM model about
the sentiment of review SVMpos2 using six features

Term Weight | R-squared | Intercept | Pred. label | Prob.
oh 0.159
see -0.158
Jgf{t 8:5;} 0.535 0.747 | negative | 0.981
female 0.081
screen -0.027

“I gotta see this movie again”. The term that receives the highest weight when
fitting a sparse linear model to the SVM predictions is “oh”, indicating that
this seemingly neutral interjection mostly appears in negative reviews, as do
the terms “just”, “ok” and “female”. On the other hand, the terms “see” and
“screen” receive negative weights, contradicting the prediction of the review as
being negative.

The inclusion of “female” as a relevant predictor for the SVM'’s negative predic-
tion may raise some questions. If any “relevant” consequence or decision was to
be based on this black-box model, some further analysis may be concluded to
potentially detect bias based on gender descriptions, a problem that was also
described in section 3.2.

5.2 False Positive Predictions

To further investigate each black-box model, LIME is asked to produce expla-
nations for those reviews with a negative label that each model predicted to be
positive with the highest probability. Contrary to chapter 5.1, only one review
per model is analyzed. The full reviews can again be found in section 7.
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Table 5.7: LIME explanation for the prediction of the random forest model
about the sentiment of review RFnegl using six features

Term Weight | R-squared | Intercept | Pred. label | Prob.
wonderful 0.102
wants -0.022
fOH(?WGd _881? 0.903 0.862 positive 0.909
judge -0.013
long -0.006

5.2.1 Random Forest

The review on which the random forest model seemingly committed an error
with the highest probability was in fact falsely labeled, therefore the local expla-
nation for the negative review with the second highest probability to be positive
(RFnegl) is presented. The comment does not include any disparaging terms,
but describes the movie as “a long way from the wonderful ‘Les enfants du par-
adis’”. The local explanation given by LIME is displayed in table 5.7. Having
an R-squared of 0.903, the sparse linear model is able to closely model the be-
haviour of the random forest. According to the explanation, there is no single
term responsible for the wrong classification, as the intercept lies at 0.862. The
predictor recieving the highest weight adding to the classification as positive is
“wonderful”, whereas the next five terms selected by LASSO all have negative
weights, suggesting that each of those mostly appears in negative reviews.

5.2.2 XGBoost

The review XGBnegl belongs to the movie “All Dogs Go To Heaven 2”7, and the
author clearly has fond memories of its predecessor, describing it as a “beautifully
animated gem” before declaring the movie to be “one of my all-time favorite
films”. However, the same can appearently not be said about the “charmless,
cheesy, uninspired” sequel with “tacky animation and an unimaginative plot”.
The high number of positive attributes tricked the XGBoost model into classify-
ing the review as positive. Due to the representation as unigrams and bigrams,
the algorithm was unable to detect that said favorable impression belongs to
another movie. The local explanation is presented in table 5.8. The six most
relevant predictors selected via LASSO all have low positive weights supporting
the prediction of the review being favourable to the movie, as does the intercept
of 0.621.
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Table 5.8: LIME explanation for the prediction of the XGBoost model about
the sentiment of review XGBnegl using six features

Term Weight | R-squared | Intercept | Pred. label | Prob.
favorite 0.080
gem 0.075
gfrlézt 8:8;2 0.706 0.621 positive | 0.941
loved 0.037
always 0.021

Table 5.9: LIME explanation for the prediction of the linear SVM model about
the sentiment of review SVMnegl using six features

Term Weight | R-squared | Intercept | Pred. label | Prob.
entertaining 0.656

getting -0.071

eaten -0.007 0.988 0.301 positive 0.858
bunch -0.005

snakes -0.004

5.2.3 Support Vector Machine

The negative review SVMnegl on which the support vector machine model
committed the largest prediction error (positive with probability 0.858) is an
unconventional case. The author repeats the statement “Getting eaten by a
bunch of snakes is more entertaining than this film” multiple times. After pre-
processing the string and dropping general and movie-related stopwords, only
five terms enter the black-box model and the local explanation, so no further
feature selection via LASSO is necessary. According to the explanation obtained
by LIME and presented in table 5.9, the presence of the term “entertaining” has
overwhelming effect on the SVM’s prediction. The intercept of the sparse linear
model is 0.3, every other term receives negative weight, so every perturbed ver-
sion of the review that did not include “entertaining” was classified as negative
by the SVM (since the scenario is binary and the predicted probability for the
review being positive is lower than 0.5). However, the term “entertaining” has
positive weight of 0.656, clearly overwhelming all other weights and convincing
the linear SVM of classifying the review as positive.
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6 Conclusion

This thesis has tried to argue for the importance of explainability of predic-
tive models with a focus on text data. Text mining has become a booming
research area, attracting scientific attention from multiple branches without los-
ing its considerable overlap with data mining and data analysis principles. This
overlap has been demonstrated by a practical implementation. Three “out-of-
the-box” methods from statistical machine learning (random forest, XGBoost,
support vector machine with linear kernel) have been trained to solve a classic
text mining/sentiment analysis task. After extended standard preprocessing to
transform unstructured textual data into structured tabular format with ex-
plicit features (uni- and bigrams), the models were trained on 25,000 movie
reviews labeled positive or negative. Afterwards, all three models were able to
successfully classify the sentiment of more than 80% observations from a test
set of 25,000 new movie reviews. Undoubtedly this accuracy could have been in-
creased by using more sophisticated preprocessing steps or more complex model
architectures, but this was not the main focus of this thesis.

Instead, the reader’s attention should be directed to the notion of explainability
and its use in combination with tasks of text analysis and text mining. As
there are many practical areas in which models using (textual) data are in
use, interpretabily and explainability are not purely academic concepts. If job
applications are reviewed and ranked using an algorithm, it is crucial to both
the applicant and the company using the model that said algorithm strictly
relies on objective criteria without any bias. Inherently interpretable models
can provide these explanations by themselves, yet research has shown them to
often have lower predictive performance than more complex models. Accuracy,
specificity or sensitivity are often used as the only quantifiable measures of a
model’s “success”, even though models need to be evaluated on criteria such as
safety or unbiasedness. Model-agnostic post hoc interpretation methods are a
feasible way to check for potential problems on those criteria.

After a motivation of explainability and interpretability principles, multiple
possibilities to interpret black-box models have been introduced in this thesis.
Most of the introduced methods cannot be readily applied to textual data. As
demonstrated, partial dependence plots, ICE curves and ALE plots can be ap-
plied on both numeric and categorical variables. However, they are not able
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to distinguish between the representation of a variable in a model and in the
explanation. Text may be transformed into numeric data as input for machine
learning models (in chapter 4 tf-idf was used), but any explanation using term
frequencies or even tf-idf is hard to interpret for laypeople. As for categori-
cal data, if e.g. an ALE plot is asked to give an explanation based on binary
representations of the words, the underlying model has to use the same repre-
sentation. While the explanation would be easier to understand, the model’s
predictive power may decrease drastically. LIME allows different representa-
tions to be used for predictive and explanatory tasks, harnessing the predictive
power of complex preprocessing schemes and models whilst including findings
from the social sciences to make explanations as concise as possible.

Having established the need for its deployment on black-box predictions for text
data, LIME is not without fault either. The choice of sparse linear models as
surrogate models means that, together with weights for each feature selected by
LASSO, an intercept is present within the explanation. As presented in chap-
ter 5, the intercept may be a major contributor. The LIME explanation for
review RFnegl presents an intercept of 0.862 whereas the largest weight of an
individual predictor (i.e. a word) is 0.102. The interpretation of an intercept
with high weight is non-trivial for laypeople, as they might overestimate the
impact of those terms explicitly listed within the explanation. In the example
above, the largest weight for a term present in the review is 0.102, clearly lower
than the intercept. However, the explanation’s audience might be tempted to
believe that those terms are responsible for the black-box-model’s prediction as
positive or negative, neglecting the intercept. Furthermore, LIME does not use
the same data that was used for creating the black-box model’s prediction but
relies on “interpretable data representations” instead. While facilitating the
presentation of its findings to a non-technical audience, more advanced prepro-
cessing schemes may cause unintuitive explanations. If a model is trained on
word embeddings, the sparse linear model used for creating explanations with
LIME still relies on a binary representation, resulting in potential loss of infor-
mation or even misleading explanations. If a word or a phrase is used within
a sarcastic context, word embeddings and the complex black-box model might
pick up on this finding. Sarcastic praise may well be an indicator for a negative
review. Without its context, LIME may present words of praise as explanations
for negative classifications, potentially confusing its audience. Presenting ex-
planations together with the phrases in which terms of said explanation appear
may be a worthwhile approach.

To conclude, locally interpretable model-agnostic explanations offer a unified
framework to explain predictions from black-box models for either tabular, text
or even image data (which has not been covered in this thesis). The method
does have some shortcomings, but its flexibility and simplicity provide a useful
tool to extract and present insights from any black-box model.
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7 Appendix - full movie reviews

The dataset containing all 50,000 reviews was published by Maas et al. (2011).

7.1 False negative reviews

7.1.1 Random Forest

Review RFposl, movie: “De stgrste helte”, predicted as negative with proba-
bility 0.9039817:

This must be one of the funniest Danish movies ever made. Ulrich
Thomsen and Thomas Bo Larsen are hilarious, as they drive across
Sweden. I don’t know how Ulrich Thomsen does it, but somehow
he can manage to play insane in a very sane way. BUT if you
don’t understand Danish (I am not referring to your pastry here)
don’t waste your time on this A~ I don’t think it would work with
subtitles.

Review RFpos2, movie: “Jack Frost 2”7, predicted as negative with probability
0.9035611:

Okay, I'll say it. This movie made me laugh so hard that it hurt.
This statement may offend some of you who may think that this
movie is nothing more than a waste of film. But the thing that
most people don’t get is that this movie was intended to be bad and
cheezy. I mean, did people actually think that a movie about a killer
snowman was intended to be a masterpiece? Just look at the “scary”
hologram on the jacket of the movie and you’ll find your answer.
Instead, like the original Jack Frost (which I thought was just as
funny), this movie turned out to be a side-splitting journey into the
depths of corny dialogue, bad one liners and horrible special effects.
And it’s all made to deliver laughter to us viewers. It certainly
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worked for me.For example: Anne Tiler (to her troubled husband):
What makes you frown so heavily darling?If that chunk of dialogue
doesn’t make you laugh, then you have serious issues. Who in their
right mind would utter those words in real life? Of course, no one
because it was meant to sound ridiculous! Just take one viewing of
this movie with an open mind and low expectations, and hopefully
you’ll see what’s so damn funny about Jack Frost 2.

7.1.2 XGBoost

Review XGBposl, movie: “The Robot vs. The Aztec Mummy”, predicted as
negative with probability 0.9844366:

This is a totally awesome movie! If you haven’t seen it yet, you
damn well should. Sure, the plot is slow to develop, the special
effects are laughable, the acting is ridiculous and the action is badly
choreographed, but as wrestler DDP would say; That’s not a bad
thing....that’s a good thing! Everything about this movie is hilarious,
especially if you get the dubbed version, which has even worse actors.
It’s countless laughs until you get to the end, yearning for the sequel,
where the mummy fights wrestling women. Thus, I give it ten stars.
Unless you’re one of those ‘discriminating’ and ‘intelligent’ people
with good taste, who likes only ‘high quality’ films of the highest
calibre, I recommend this utterly monkeydellic movie!

Review XGBpos2, movie: “Jack Frost 2”7, predicted as negative with probability
0.9808131:

Okay, I'll say it. This movie made me laugh so hard that it hurt.
This statement may offend some of you who may think that this
movie is nothing more than a waste of film. But the thing that
most people don’t get is that this movie was intended to be bad and
cheezy. I mean, did people actually think that a movie about a killer
snowman was intended to be a masterpiece? Just look at the “scary”
hologram on the jacket of the movie and you’ll find your answer.
Instead, like the original Jack Frost (which I thought was just as
funny), this movie turned out to be a side-splitting journey into the
depths of corny dialogue, bad one liners and horrible special effects.
And it’s all made to deliver laughter to us viewers. It certainly
worked for me.For example: Anne Tiler (to her troubled husband):
What makes you frown so heavily darling?If that chunk of dialogue
doesn’t make you laugh, then you have serious issues. Who in their
right mind would utter those words in real life? Of course, no one
because it was meant to sound ridiculous! Just take one viewing of
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this movie with an open mind and low expectations, and hopefully
you’ll see what’s so damn funny about Jack Frost 2.

7.1.3 Support Vector Machine

Review SVMposl, movie: “Hack” (series 1), predicted as negative with proba-
bility 0.9879076:

David Morse and Andre Braugher are very talented actors, which is
why I'm trying so hard to support this program. Unfortunately, an
irrational plot, and very poor writing is making it difficult for me.
I’'m hoping that the show gets a serious overhaul, or that the actors
find new projects that are worthy of them.

Review SVMpos2, movie: “Let It Be Me”, predicted as negative with probability
0.9805253:

I just finished this movie and my only comment is “OH! WOW!".
Jennifer Beals is ok as the fiancee, but Yancy Butler as the female
dance instructor is pure sexual dynamite! Having watched her in
WITCHBLADE, I was not prepared for the pure unadulterated sen-
suality and raw sexual excitement she launches onto the screen.I
gotta see THIS movie again....if only for Yancy Butler as Corrinne!

7.2 False positive reviews

7.2.1 Random Forest

Review RFnegl, movie: “Les tricheurs”, predicted as positive with probability
0.9088183:

The poet Carne disappears (didnA‘t he disappeared with
PrA@©vert?) and is followed by the judge Carne. The direc-
tor wants to give his own vision of a youth that he doesnA ‘'t
understand and he doesnA “t want to. ItA’s a long way from the

7.2.2 XGBoost

Review XGBnegl, movie: “All Dogs go to Heaven”, predicted as positive with
probability 0.9412954:
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How could they take such a beautifully animated gem like Don
Bluth’s All Dogs go to Heaven and bastardize it with a charmless,
cheesy, uninspired sequel. The haunting music and delightful char-
acters are gone, now replaced with tacky animation and an unimagi-
native plot.The Pros: Charlie Sheen is sometimes fun as Charlie, but
he lacks the charming tough guy attitude that brought him to life
by Burt Reynolds. I did particularly enjoy the songs “I will always
be with you” and “It’s too Heavenly here”.The Cons: There seems
to be no connection between this and the original. In the beginning
Charlie is chums with Carface, but wait a minute. Isn’t this the
same character who was responsible for Charlie’s murder and kid-
napped the sweet little orphan he loved? I guess that all changes in
Heaven but why isn’t Anne-Marie even mentioned? If Itchy makes
it to Heaven, wouldn’t Flo and Killer make it too? What is with
Annabelle the whippet’s voice? In the original it sounded feminine
and charming and in the sequel it sounds like a whiny, bitchy, par-
rot. The new characters aren’t all that great (except Sasha). And
the animation is better compared to a generic Saturday morning
cartoon. The constant cartoony “humor” is flat and unfunny and
the “heart” just doesn’t work when compare to the original, which
had such a moving unsubtle touch that makes me cry every time.All
Dogs go to Heaven is one of my all-time favorite films. How Don
Bluth allowed this sequel to be made is beyond me.BOTTOM LINE:
Not all sequels go to Heaven.

7.2.3 Support Vector Machine

Review SVMnegl, unknown movie, predicted as positive with probability
0.8579419:

Getting Eaten By A Bunch Of Snakes Is More Entertaining Than
This Film Getting Eaten By A Bunch Of Snakes Is More Entertain-
ing Than This Film Getting Eaten By A Bunch Of Snakes Is More
Entertaining Than This Film Getting Eaten By A Bunch Of Snakes
Is More Entertaining Than This Film Getting Eaten By A Bunch
Of Snakes Is More Entertaining Than This Film Getting Eaten By
A Bunch Of Snakes Is More Entertaining Than This Film Getting
Eaten By A Bunch Of Snakes Is More Entertaining Than This Film
Getting Eaten By A Bunch Of Snakes Is More Entertaining Than
This Film Getting Eaten By A Bunch Of Snakes Is More Entertain-
ing Than This Film Getting Eaten By A Bunch Of Snakes Is More
Entertaining Than This Film
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