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ABSTRACT: Machine learning (ML) has become a powerful tool, but the growing complexity of models creates
a challenge: opacity. Many models excel at predictions but lack transparency in their decision-making. This paper
surveys the field of Interpretable Machine Learning (IML), which aims to bridge this gap by developing models that
are both accurate and explainable. We begin by introducing the concept of IML and its importance in fostering
trust, improving debugging, and enabling better decision-making. We then delve into various IML techniques,
exploring how they extract explanations from complex models. Finally, we discuss methods for evaluating
interpretability and explore future directions for research in this evolving field. This survey provides a
comprehensive overview of IML techniques, equipping researchers and practitioners with the knowledge to develop
and utilize models that are not only powerful but also understandable.
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INTRODUCTION: Machine learning (ML) has revolutionized various aspects of our lives,
driving innovation and progress across numerous fields. However, the increasing complexity of
these models has led to a critical challenge: opacity. Many state-of-the-art ML algorithms
function as "black boxes," excelling at predictions but lacking transparency in their decision-
making processes. This section introduces the concept of interpretable machine learning (IML)

as a bridge between the high accuracy of complex models and the need for human understanding.

1.1 Machine Learning and its Impact

Briefly describe the fundamental concepts of machine learning, including the ability to learn
from data without explicit programming. Highlight the significant impact of ML on various

domains (e.g., finance, healthcare, recommendation systems).

1.2 The Challenge of Opacity in Complex Models

Discuss the growing complexity of modern ML models, particularly deep learning architectures.

Explain how this complexity creates a barrier to understanding how these models arrive at their
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predictions. Mention potential consequences of this opacity, such as difficulty in debugging, lack
of trust in model outputs, and challenges in ensuring fairness and accountability.

1.3 Introduction to Interpretable Machine Learning (IML)

Interpretable Machine Learning (IML) is a subfield of machine learning that focuses on
developing models that are not only accurate in their predictions but also provide clear
explanations for how they arrive at those predictions. Unlike traditional "black box" models,
IML techniques aim to bridge the gap between the high accuracy of complex models and the
need for human understanding of their decision-making processes.

1.3.1 Definitions of Interpretability and Explainability

Briefly distinguish between the terms “interpretability” and “explainability." Interpretability
refers to the inherent characteristics of a model that make it understandable, while explainability
focuses on the techniques used to extract explanations from a model. Miller, T. (2020)

1.3.2 Benefits and Use Cases of IML (e.q., fostering trust, improving debugging, enabling better

decision-making)

Explain the various benefits of IML. Examples include:
e Fostering trust: By understanding how models arrive at decisions, users can have greater
confidence in their outputs.
e Improving debugging: IML techniques can help identify biases or errors within a model,
leading to improved performance.
e Enabling better decision-making: Explanations can provide insights that inform human
judgment and decision-making alongside model predictions.

2. The Need For Interpretability

While machine learning models have become adept at making accurate predictions, a critical
challenge arises: the lack of interpretability in complex models. This section delves into the
reasons why interpretability is crucial and the potential pitfalls of relying solely on opaque
models.

2.1 The Accuracy-Explainability Trade-off

There exists an inherent tension between achieving high accuracy and interpretability in machine
learning models. Imagine a graph with "Accuracy” on the y-axis and "Interpretability” on the x-
axis. This graph would likely depict a curve. Simpler models, like decision trees, reside on the
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left side, offering good interpretability through their clear decision-making processes. However,
their accuracy might be lower compared to complex models on the right side, such as deep neural
networks. These complex models can achieve higher accuracy but often function as "black
boxes," lacking transparency in their decision-making. This trade-off necessitates careful
consideration of the specific application's needs. When interpretability is paramount, a simpler
model might be preferred, even if it sacrifices some accuracy. For instance, in a medical
diagnosis system, understanding the model's reasoning behind a recommendation is crucial. A
slightly less accurate but interpretable model could be preferable to a highly accurate but opaque
one. Conversely, in other scenarios, the gains in accuracy offered by complex models might
outweigh the lack of interpretability. For example, a recommendation system for a streaming
service might prioritize accuracy to deliver the most relevant suggestions, even if the exact

rationale behind each recommendation is less important.
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Fig.1 The Accuracy-Explainability Trade-off graph

2.2 Consequences of Opagque Models

The overreliance opaque models can lead to a cascade of negative consequences:
2.2.1 Erosion of Trust and Limited Adoption

When users cannot understand how a model arrives at its decisions, it breeds distrust in its
outputs. This lack of trust can significantly hinder the adoption of machine learning solutions,
particularly in domains where transparency is critical. Imagine a loan approval system that
utilizes an opaque model. If an applicant is denied a loan without any explanation for the
decision, it can be frustrating and raise concerns about fairness.

2.2.2 Lack of Accountability and Ethical Issues
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Without interpretability, it's challenging to hold models accountable for potential biases or unfair
outcomes. This raises serious ethical concerns, especially when models are used for high-stakes
decisions that significantly impact people's lives. For instance, an opaque model used in the
criminal justice system to predict recidivism might perpetuate racial biases if not carefully
scrutinized. James, G., Witten, D., Hastie, T., & Tibshirani, R. (2013).

2.2.3 Hindered Debuggability and Model Improvement

If we don't understand how a model makes its decisions, it becomes difficult to identify and fix
errors or biases within the model. This can significantly hinder efforts to improve the model's
performance and ensure it functions fairly and accurately. Debugging an opaque model is akin to
troubleshooting a complex machine without a user manual; it's a time-consuming and inefficient
process. By understanding these consequences, we can appreciate the importance of interpretable
machine learning techniques. These techniques bridge the gap between the high accuracy of
complex models and the need for human understanding, fostering trust, accountability, and
ultimately, responsible Al development.

3. Interpretable Machine Learning technigues: Unveiling the Black Box

The quest for interpretability in machine learning models has led to the development of two
primary approaches: intrinsic interpretability and post-hoc interpretability. This section delves
into intrinsic interpretability, where the model itself is designed with understandability as a core
principle. These models prioritize clear decision-making processes, offering direct insights into
how they arrive at predictions. Intrinsic interpretability is particularly valuable in high-stakes

decision-making domains like healthcare and finance, where transparency is paramount.

3.1 Intrinsic Interpretability: Transparency by Design

Intrinsic interpretable models excel in providing clear explanations for their predictions due to
their inherent structure. They are often simpler than complex models, allowing for a direct
understanding of how features contribute to the final outcome. Here, we explore some common
examples of these models:

3.1.1 Linear Models: Demystifying Relation

Rationale for Interpretability: Linear models (e.g., linear regression, logistic regression) are

inherently interpretable due to their mathematical foundation. They express the relationship
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between features (independent variables) and the prediction (dependent variable) as a linear

equation. This equation explicitly captures the impact of each feature on the prediction.

Explanation using Weights/Coefficients: Each feature in a linear model is associated with a

weight, also known as a coefficient. This coefficient quantifies the strength and direction of the
feature's influence on the prediction. A positive coefficient indicates a positive correlation
(higher feature value leads to higher prediction), and a negative coefficient indicates a negative
correlation. By analyzing the coefficients, we can understand which features are most important
for the model's predictions and how they contribute to the final outcome. For instance, a linear
regression model predicting house prices might have coefficients for features like square footage
and number of bedrooms. A higher coefficient for square footage implies that houses with larger
areas are predicted to have higher prices. Conversely, a negative coefficient for commute time
might indicate that houses with longer commute times are predicted to have lower prices.

3.1.2 Decision Trees: A Transparent Path to Prediction
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Fig.2 Decision Tree Flow

Rationale for Interpretability: Decision trees leverage a tree-like structure that inherently lends

itself to interpretability. This structure represents the model's decision-making process as a series
of branching rules based on feature values.

Explanation using Decision Rules and Paths: By following the path through the tree, we can

understand the sequence of questions the model asks about the data to arrive at a prediction. Each
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branch in the tree represents a rule based on a specific feature. If a data point meets the condition
for a rule, it is directed down that branch. This allows for clear traceability of how a particular
data point leads to a specific prediction.

Imagine a decision tree for loan approvals. It might have a rule at the root node that checks an
applicant's credit score. If the score is below a certain threshold, the application is denied.
Otherwise, the tree continues down different branches based on other factors like income or
debt-to-income ratio, ultimately reaching a final approval or denial decision. Molnar, C. (2019)
3.1.3 Rule-Based Models: Explicit Logic for Explicit Understanding
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Fig.3 : Explicit Logic behind Rule Based Models
Rationale for Interpretability: Rule-based models are explicitly designed to be interpretable

from the outset. They encode their decision logic as a set of "if-then" statements and rules.
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Explanation using ""If-Then'" Statements and Rules: Each rule in a rule-based model specifies

a condition on the features and the corresponding outcome. This explicit encoding of the decision
logic renders these models highly interpretable, as the rationale behind each decision is readily
apparent. For instance, a rule-based model for spam detection might have a rule that classifies an
email as spam if it contains certain keywords (like "free money" or "urgent™) and originates from
an unknown sender. James, G., Witten, D., Hastie, T., & Tibshirani, R. (2013).

While intrinsic interpretable models offer clear explanations, they often have limitations in
complexity. They might not be well-suited for capturing intricate relationships within complex
data. Additionally, even with interpretable models, understanding can become challenging if
there are a large number of features or complex interactions between them. This is where post-
hoc interpretability techniques come into play, which we will discuss in the next section.

3.2.1 Global Interpretability Methods

These methods provide insights into the overall behavior of the model, helping you understand
which features are generally more important for its predictions.

Feature Importance:

e Explanation: Feature importance scores quantify the relative influence of each feature on the
model's predictions. Higher scores indicate greater importance.

e Methods for calculating importance: Various methods exist, including:

e Permutation importance: Measure the drop in model performance when a feature's values are
shuffled.

e Feature selection algorithms: Techniques like LASSO regression identify features with the

strongest predictive power.
Benefits: Feature importance provides a high-level overview of the model's reliance on different
features. However, it doesn't explain how individual features interact or contribute to specific
predictions.
Partial Dependence Plots (PDP):
e Explanation: PDPs visualize the marginal effect of a single feature on the model's output,
averaging over the effects of other features.
e Visualization: These plots show the average prediction of the model for different values of a

single feature, while holding other features constant.
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Benefits: PDPs offer a visual understanding of how changes in a specific feature can
influence the model's overall predictions on average. However, they don't capture complex
interactions between features.

Example: Imagine a model predicting house prices based on features like square footage
and location. Feature importance might reveal that square footage is generally more
important, while PDPs for square footage could show how average predicted price increases

with increasing square footage.

3.2.2 Local Interpretability Methods

These methods delve deeper, explaining the model's predictions for individual data points. They

help understand how specific features contribute to a particular prediction.

LIME (Local Interpretable Model-agnostic Explanations):

3.

Explanation: LIME approximates the complex model's behavior around a specific prediction
by fitting an interpretable model (e.g., decision tree) locally to the data point of interest.
Process:

Sample neighboring data points around the target prediction.

Train a simple model on these neighboring points to explain the local behavior of the
complex model.

Identify the most important features in the simple model's explanation.

Example: LIME could explain why a specific image was classified as a cat by highlighting the

features (e.g., edges, shapes) that the local model found most relevant for that prediction.
SHAP (Shapley Additive explanations):

Explanation: SHAP values estimate the contribution of each feature to a specific prediction,
based on game theory concepts. They represent how much a feature's presence or absence
affects the model's prediction compared to a baseline.

Process: SHAP calculates marginal contributions of features by considering all possible

feature combinations.

Example: SHAP values could explain why a loan application was rejected by highlighting the

features (e.g., low credit score, high debt) that contributed most to the model's prediction.

Advantages and Limitations of Post-hoc Interpretability:

Advantages:

Increase trust and transparency in models.
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¢ Identify potential biases in the data or model.

e Debug model behavior and identify areas for improvement.

e Gain insights into feature interactions and relationships.

Limitations:

e May not always provide perfectly accurate explanations of complex models.

e Can be computationally expensive for large datasets or complex models.

e Local methods might not generalize well to other data points.

Understanding both global and local interpretability methods is crucial for effectively evaluating

and deploying machine learning models.

4. Evaluation and Challenges

While interpretability methods offer valuable insights, assessing their effectiveness can be a
complex task due to several factors:

Subjectivity of Human Judgment: Traditionally, human judgment is used to evaluate whether an

explanation is "good." However, this assessment can be subjective and depend on the user's
background knowledge, expectations, and familiarity with the domain. For instance, an expert in
a particular field might find a more technical explanation acceptable, while someone unfamiliar
with the domain might require a simpler and more intuitive explanation.

Lack of Ground Truth: In many real-world scenarios, there isn't a definitive ground truth for how

a model should interpret its decisions. This makes it difficult to objectively assess the accuracy of
explanations. Imagine a model predicting loan defaults — there might not be a single "correct”
way to explain why a specific loan was denied. The explanation might focus on factors like credit
score or debt-to-income ratio, but other factors could also be relevant.

Accuracy vs. Explainability: There's often a trade-off between achieving high model accuracy

and obtaining highly interpretable explanations. Sometimes, making a model more interpretable
by using simpler algorithms or techniques might lead to a slight decrease in its overall accuracy.
Finding the right balance between these two aspects is essential for deploying models in real-

world applications.

4.2 Potential Metrics for Evaluating Interpretability
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Despite the challenges, researchers are actively exploring potential metrics to quantify the
effectiveness of interpretability techniques. These metrics aim to assess various aspects of an
explanation:

Faithfulness: This metric evaluates how well an explanation aligns with the actual decision-
making process of the model. Techniques like SHAP, which consider feature interactions and
how they contribute to a prediction, might score higher on faithfulness compared to simpler
methods that focus on individual feature importances.

Transparency: Transparency focuses on how clear, understandable, and easy to interpret the
explanation is for the target audience. Visualization clarity plays a significant role here. Using
clear, well-designed visualizations tailored to the audience's understanding can significantly
enhance transparency. Additionally, explanations should be phrased using domain-specific
language that the target audience can comprehend.

Actionability: An actionable explanation provides insights that can be used to improve the
model, identify potential biases, or debug its behavior. For instance, an explanation highlighting
features that consistently lead to incorrect predictions could be considered more actionable as it
suggests areas for model improvement.

User Satisfaction: While subjective, user satisfaction gauges how satisfied users are with the

explanation. This can be measured through user studies or surveys where users are asked to rate

the clarity, helpfulness, and overall effectiveness of the explanation they received.

5. Future Directions and Open Issues

As the field of machine learning continues to evolve, so too does the need for robust and
effective interpretability techniques. Here are some key areas of ongoing research. Doshi-Velez,
F., & Kim, B. (2017, February 21).:

5.1 Balancing Accuracy and Explainability

Finding the right balance between achieving high model accuracy and obtaining highly
interpretable explanations remains an ongoing challenge. Researchers are exploring several
approaches, such as developing inherently interpretable models like decision trees or building
interpretable surrogate models that capture the essence of complex models while being easier to
understand. These surrogate models aim to provide explanations that are faithful to the original

model's behavior but are presented in a more interpretable way.
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5.2 Interpretability for Emerging Machine Learning Techniques

As machine learning algorithms become increasingly complex (e.g., deep neural networks),
developing interpretability methods that can effectively explain their behavior is a growing
challenge. Deep neural networks often operate in a way that is not easily understandable by
humans. Researchers are exploring techniques like attention mechanisms or layer-wise
explanations to address this issue. Attention mechanisms can help pinpoint the specific parts of
an input that the model focuses on when making a prediction, while layer-wise explanations
attempt to understand how each layer of a deep neural network contributes to the final output.

5.3 Human-Centered Design of Interpretability Methods

Effective interpretability methods should be designed with the end user in mind. Here are some
key factors to consider:

1. Target Audience: Who needs to understand the explanation? Tailor the level of complexity
and the language used to the background knowledge and expectations of the target audience. For
instance, explanations for technical audiences might use more domain-specific terminology,
while explanations for non-technical users might require simpler language and more intuitive
visualizations.

2. Gain Trust and Understanding: In many applications, particularly those involving high-stakes
decisions (e.g., loan approvals, medical diagnoses), users need to trust the model's predictions.
Interpretability helps build trust by offering insights into how the model arrives at its
conclusions. Understanding the rationale behind the decision can also be crucial for stakeholders
who need to justify or explain the model's recommendations.

3. Identify and Address Biases: Machine learning models can inherit biases from the data they
are trained on. Interpretability techniques can help identify these biases by revealing which
features contribute most to the model's decisions. By understanding the model's biases, users can
take steps to mitigate them and ensure fairer outcomes.

4. Debug and Improve Models: Explanations can be used to diagnose issues with a model's
performance. For instance, an interpretability technique might highlight features that consistently
lead to incorrect predictions. This information can be used to identify areas where the model
needs improvement or to refine the training data to address the bias.

5. Enhance Decision-Making: Interpretability can provide valuable insights that humans can

leverage to make more informed decisions alongside the model's recommendations. For example,
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if a model predicts a high risk of loan default for a particular applicant, the explanation might
reveal specific contributing factors (e.g., low credit score, high debt-to-income ratio). This
information can be used by a loan officer to make a more nuanced decision, considering both the
model's prediction and the individual's circumstances.

6. Tailoring Explanations to Purpose:The specific purpose of the explanation will influence how
it is designed and presented. Here are some considerations:

For debugging models: Explanations should focus on identifying features that are consistently
leading to errors or unexpected behavior. Techniques highlighting feature interactions or
focusing on specific data points where the model performs poorly might be most relevant.

For identifying biases: Explanations should pinpoint features that disproportionately influence
the model's predictions. Techniques that reveal how different feature values contribute to the
final decision can be useful.

For building trust with users: Explanations should be clear, concise, and easy to understand for
the target audience. Visualization can play a significant role in making explanations more
accessible. Additionally, the language used in the explanation should be tailored to the user's
level of technical expertise.

For informing human decision-making: Explanations should provide actionable insights that
can be used alongside the model's predictions. The information should be presented in a way that
complements human judgment and expertise within the domain. By understanding the various
purposes of explanation and tailoring them to specific goals, researchers and developers can
create interpretability techniques that empower users to trust, understand, and effectively utilize

machine learning models in real-world applications.

6. Summary of the Importance of IML

Interpretable Machine Learning (IML) has emerged as a critical field in advancing the

responsible and effective use of machine learning models. It addresses the need for transparency

and understanding in complex models, offering numerous benefits:

e Increased Trust and Transparency: IML allows users to understand how models arrive at
their decisions, fostering trust in their predictions. This is crucial, especially in high-stakes

applications like loan approvals or medical diagnoses.
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e Improved Decision-Making: By providing insights into the factors influencing a model's
predictions, IML allows humans to make more informed decisions alongside the model's
recommendations. This can lead to more nuanced and potentially fairer outcomes.

e Identifying and Mitigating Biases: IML techniques can help reveal potential biases in
models inherited from training data. By understanding these biases, developers can take
steps to mitigate them and ensure fairer and more ethical model behavior.

e Debugging and Improving Models: Explanations generated by IML techniques can be
used to diagnose issues with a model's performance, pinpoint areas for improvement, and

refine training data to address identified biases.

6.2 Future Prospects of Interpretable Machine Learning

The field of IML is continuously evolving, with ongoing research focusing on:

e Balancing Accuracy and Explainability: Finding a balance between achieving high model
accuracy and producing interpretable explanations remains a challenge. Researchers are
exploring inherently interpretable models and interpretable surrogate models that capture the
essence of complex models while being easier to understand.

e Interpretability for Emerging Techniques: As machine learning algorithms become more
sophisticated (e.g., deep neural networks), developing effective interpretability methods for
these models is an ongoing effort. Techniques like attention mechanisms and layer-wise
explanations are being explored to understand how these complex models arrive at their
predictions.

e Human-Centered Design: There's growing emphasis on designing interpretability methods
with the end user in mind. This involves tailoring the level of complexity, language, and
visualizations to the target audience and their specific needs.

By addressing these future prospects, IML has the potential to unlock the full potential of

machine learning across various domains. Interpretable models will empower users to make

informed decisions, build trust in Al systems, and ensure fair and ethical applications of machine
learning technology.
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