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LEARNING OUTCOMES 


By the end of the course, the learner should be able to:
1. Discuss the objectives of explainability in artificial intelligence solutions 
2. Implement explainability in AI techniques in a selected programming language
3. Evaluate the explainability of machine learning models  
4. Communicate explainable AI results to stakeholders
COURSE CONTENT
Introduction to explainable AI:  AI Model Complexity; Explainability; Interpretability;   transparency; Accountability; Bias; Fairness; Legislative Framework;  Ethical Considerations; Green Computing; Data Protection; 
Forms of Explanation: Analytical Explanation; Visual Explanation; Rule-based Explanation; Textual Explanation; 
Model-Specific Explainability: Rule-based learner, decision tree; Feature Relevance; 
Model Agnostic Explainability: Explanation by Simplification; Rule based learner, decision tree. Feature Relevance; Influence functions, Sensitivity, Local Interpretable Model Agnostic Explanations (LIME), Shapley Values(SHAP); Visual Explanations; Dependence plots, Sensitivity; Local Explanation; Rule-based learner, Linear approximation, Counterfactuals;  
Explainable AI Implementation: Explainable AI Libraries: SHAP; SHAP Values, SHAP Values plots and interpretations;   LIME Module; Lime value plotting and explanation; Decision Tree Plotting; Shapash; metrics, plots, explanation;  
Explainable AI Evaluation: Confidence; Fidelity; Stability; Comprehensibility.


COURSE DESCRIPTION
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	[bookmark: _Toc179814395]MODULE 1:  Introduction to explainable AI (XAI)


 INSTRUCTIONAL HOURS:  6
[bookmark: _Toc179814396] Module Overview
In this module, you will learn about the need for responsible and explainable Artificial Intelligence (AI) in the Development of AI systems.  You will learn about the key components of responsible AI. You will also learn about the techniques used to implement explainability in AI.  You will also learn about the interaction of Responsible and Explainable AI. 
[bookmark: _Toc179814397] Learning Outcomes
At the end of this module, you will be able to:
1. [image: ]Define Responsible and Explainable AI
2. Discuss the Elements of Responsible and Explainable of AI
3. Classify Explainable AI Techniques  used AI Systems
4. Justify the need for Responsible and Explainable in AI Systems 
[bookmark: _Toc179814398]    Learning Activities/Task List
1. [image: Shape

Description automatically generated with low confidence]Review Introductory notes on Responsible and Explainable AI
2. Participate in an Online Discussion on the Motivation for Responsible and Explainable AI
3. Review Notes on Explainable AI Approaches 
4. Complete a Quiz on Explainable AI Approaches
5. Review Notes on Elements of Responsible AI
6. Participate in an Online Discussion on the ELements of Explainable AI 
7. Read Reference Materials on the Nexus of  XAI and RAI	
8. Participate in an Online Discussion on the Nexus of  XAI and RAI
9. Complete a Final Module Quiz

[bookmark: _heading=h.bk3abhwf9wij]
[bookmark: _Toc179814399]INSTRUCTIONAL MATERIALS & LEARNING ACTIVITIES 

INTRODUCTION TO RESPONSIBLE AND EXPLAINABLE AI (RXAI)

Artificial intelligence (AI) has been adopted in many spheres of human life. It is ubiquitously being employed in decision making in a wide range of sectors such as health, law, education, finance and even in the military. In health, it is used for diagnosis and to recommend treatments. In law, it is used to assess suspects for recidivism and also identify suspects. In education, it is used in automatic grading and assessing candidates for university placement. In finance, it is used to assess a client for credit worthiness. In the military, it is used to select military targets to be attacked during war. In these applications, AI models make decision that can have a profound effect on human lives.   It is therefore becoming increasingly necessary to comprehend how AI systems go about making these important decisions in order to determine if these decisions are justified (Arrieta et al., 2020). 

According to Baker S. & Xiang S. (2023), just like any other tool, “AI can AI can also cause great harm if developed and used improperly or inappropriately”. This harmfulness can be either intentional (malicious) or by accident (Baker S. & Xiang S. 2023).  Examples of harm that can occur include bias in rejection of loan applications and job placement, flagging of a transaction as fraudulent while it isn’t, incorrect diagnosis of diseases and in appropriate selection of a military target. 

Responsible AI (RAI) emerged out the need to develop AI such that it is beneficial to humans and society in general (Baker S. & Xiang S. 2023). It is involves applying ethics in the development and use of AI systems for the greater good of humanity. RAI has many components but some of the main ones that have been identified include fairness (or lack of bias), robustness (reliability), transparency, accountability, privacy and safety.

Explainability is related to transparency and is one component of RAI. Explainable AI (XAI) is “focused on providing humans with insight into the reasoning of AI models during their decision making processes” (Baker S. & Xiang S. 2023).  Explanation is the ability of a system to generate accompanying evidence or reasons for outputs and/or processes (Phillips et al., 2021). Explainability can be considered as one of the components of responsible AI as it ensures transparency of the system. According to Baker S. & Xiang S. (2023), Explainability is a key pillar because it is useful in providing evidence of the attainment of all other components. This is illustrated in figure 1.1 below.

[image: ]
Figure 1.1: Relationship of RAI and XAI (Baker S. & Xiang S. 2023). 
 
According to Baker S. & Xiang S. (2023), explainability is necessary because of the increasing complexity of AI models. Early models such as linear regression, decision trees and k-nearest neighbours are explainable because the mechanism by which they connect their inputs to the outputs is easy to understand and can be replicated by humans.  The performance of these models however is not as good as more recent techniques like ensemble methods and deep learning based models.     These recent methods have much better performance. However, the mechanism they use to transform their inputs to outputs is not inherently understandable to humans. These models are therefore sometimes referred to as black-box models. In order to increase trust in such models, it is necessary that their decision making criteria is revealed to humans. This has been described as contributing to the development of trustworthy AI Systems. If users perceive AI systems as trustworthy, then they are likely to have less resistance in adopting them. Black‑box AI systems on other hand are likely to face higher adoption resistance. 

In implementing XAI, it always desirable to consider the audience for whom the explanation is generated. The audience usually consists of developers and end users. For the developers, explanations should be geared towards helping the debug and improve the models. For the end users, the goal is to consider if the system is considering the right factors or attributes in decision making. The explanations generation should be meaningful and accurate (Phillips et al., 2021). 

The need for XAI may also arise out of legal and regulatory requirements for reasons to be given for decisions, including those made by automated systems. Examples of laws/regulations with such requirements are the Fair Credit Reporting Act (FCRA)-USA and the European Union’s General Data Protection Regulation (GDPR).  In section 609(f) of the FCRA, credit reporting agencies are required to disclose to consumers the key factors that affected the consumer’s credit score.  Article 13 (2)(f) of the GDPR requires that in the case of the existence of automated decision making, meaningful information about the logic involved in the processing should be provided to the data subject. 




(1)  Briefly explain the motivation for responsible and explainable AI
Post the answer to the above question in a discussion Forum
  
EXPLAINABLE AI APPROACHES 

In this section, we will briefly describe some of the approaches used to actualize explainability in AI systems.
i. Explainability by Design
Explainability by design is used to refer to models which are considered interpretable by default. These models are said to be intrinsically interpretable. Such models are said to be inherently explainable in that the user can easily understand the decision criteria of the model (Baker S. & Xiang S., 2023). The following are some of the models that fall into this category:
a) Linear regression (LR) 
Linear regression is said to be interpretable because the contribution of each of the attribute to the output value can be determined from its coefficient. Line of best fit plots can also be used visualize the correlation between the independent and the output variable.  For multivariate linear regression, each independent variable can be explained using individual variable plots. However the interpretability of the LR models will decrease as the number of the predictor variables increase. In addition, the LR model is unable to adequately cater for non‑linear relationship and therefore its performance suffers in such cases. 

b) Generalized Additive Models (GAMs)
 These are models which are similar to linear regression in that they try to fit a line to data (Baker S. & Xiang S., 2023). However they are not constrained to linear features a number of non-linear functions added together. Fitted GAM line for each of the attributes considered can be used to provide visual explanations to the end user. 

c) Logistic Regression 
Logistic regression is mostly used for binary classification and it creates a logistic function that best fits the training data. A visual representation of the probabilities generated by the logistic function can be used to show the separation between the negative and positive classes.



d) Decision Trees 
Decision trees are usually depicted using an inverted tree like structure. The nodes of the tree represent the decision points in the tree. By following a series of decision points with the tree, you are able to tell why the tree some decision for a selected data point. They are thus very interpretable by default. However, compared to other methods, their performance is poorer and consequently, their used has been declining.
e) k-nearest neighbors
This algorithm makes a decision by considering the output of k data points that are closest to the new data item. It is used both for classification and regression. Their decision is therefore explained by considering the characteristics of the k neighbours.  Their explainability however decreases as the value of k increases. 

f) Support Vector Machines 
In the low dimension case of one two attributes, SVMs are explainable in that the line or hyper plane separating the outputs can be constructed and visualized. Their interpretability however reduces for more than two attributes.

ii. Post-Hoc Explainability 

Post‑Hoc explainability refers a situation where an explanation is generated for the decision criteria of the model after model creation. The explanation can be local or global. For local explanation, an explanation is generated for a given data point i.e. why the model generated a particular output for that given data point. For global explanation, you try to get the general decision making criteria for the model. Another classification of classification approaches is between model‑agnostic and model-specific approaches. Model‑agnostic approaches can be used to generate explanations for different model classes. Model‑specific approaches only apply to a given class of models only.  Table 1.1 shows a categorization of these methods. You will study them in detail in later modules.

Table 1.1: Explainable AI Techniques 
	Algorithm
	Description
	Global /Local explanation
	Model‑agnostic /Model Specific 

	Permutation Importance
	Ranks Features by their Importance
	Global
	Model Agnostic

	Partial Dependence Plots (PDP) and Individual Conditional Expectation(ICE) plots

	Plots change in a feature values against the output values. V
	Global
	Model Agnostic

	Shapley Additive Explanations(SHAP)
	Uses features combinations to calculate feature importance
	Global and Local
	Model Agnostic

	Local Interpretable Model-Agnostic Explanations (LIME)
	Train local surrogate models to approximate the black—box model
	Local
	Model Agnostic

	Class Activation Mapping
	A heatmap of the areas of the image that contribute most to the classification
	Local
	Model Specific (Convolution Neural Networks)

	Counterfactuals
	Focusses on how the input would have changed to generate a different output 
	Local
	Model Agnostic

	Anchors
	Creation of if-then rules that explain the predictions
	Global and Local
	Model Agnostic 








(1) Permutation feature importance is a form of 
a. Local explanation technique
b. Global explanation technique <Answer>
c. Both local and global explanation technique 
d. None of the above 
(2) The LIME technique can be used to explain the output of the AdaBoost Algorithm
a. True  <Answer>
b. False 


ELEMENTS OF RESPONSIBLE AI 

Baker S. & Xiang S. (2023) have identified six key components (pillars) of responsible AI:

i. Fairness 
Fairness is the desirable quality of an AI system to be free from bias and discrimination. Such a system should treat different categories of people equitably. AI systems have been found to portray biased based on characteristics such as gender, race and economic status.

ii. Robustness 
A robust AI system is one that generates accurate results across all potential use cases. Such a system should also be resistant to malicious attacks. Such a system should therefore perform as expected and be able to recover from failure without causing harm. Robustness is also related to reliability which requires that the system does not generate unreliable or spurious results.

iii. Transparency  
Transparency is the most closely related to explainability and it is the requirement that “the decisions made by an AI system are able to be described and reproduced” (Baker S. & Xiang S., 2023). The descriptions should be accessible to developers, users and other interested parties including regulators. Transparency is important for the uncovering of issues in the model that can cause bias of failure. It has been argued that there is need to balance transparency with the need to protect privacy and intellectual property rights (IP). The discloser of the internal working of a model may lead to the reveal of IP which companies might be keen to protect 

iv. Accountability 
Accountability is related to taking responsibility for decisions made by AI systems or with the assistance of such systems. Rubel et al. (2019) use the term agency laundering for situations where an agency decisions are made in an automated fashion by a system. The agency then refuses to take responsibility for bad outcomes (if any) of the systems decision and lays the blame on the algorithm/system. Regulatory agencies may therefore require that creators and owners of AI systems are held accountable for the decisions of the AI system in ensuring that such systems meet legal and ethical requirements. 

v. Privacy 
The privacy requirement pertains to ensuring that data used for training, validation and testing of AI models is not leaked to unauthorized parties. It also requires that AI systems can be reverse engineered or manipulated to reveal sensitive information about individuals. It also includes regulatory requirements related to handling private data such as consent and notification for use and access of privacy risks while collecting data. 
Breach of privacy puts the user at risk for instance, the risk of being a target of malicious agents e.g. online crime agents. There are risks of personal embarrassment and injury to reputation. Systems may also discriminate against a user based on inferred private information e.g. the credit worthiness of the user based on their political inclinations.  Inferred information may be beneficial to the user in some domains (for instance in medical practice) but may be detrimental in other areas (for instance in job recruitment).  
vi. Safety 
Safety is important because of the recognition that AI systems are getting deployed in safety critical systems. Example of such systems are autonomous driving AI systems, mental health chat bots and medical diagnosis and treatment systems.  The AI systems are expected to act in such a way that they do not harm people. It has been argued that a robust systems can prevent harm by preventing failures. Another requirement in relation to safety is the prevention of harm to the environment. Harm to the environment can for instance happen when systems controlling dangerous systems such as nuclear reactors fail.  



(1)  Briefly explain any of the six components of responsible AI 
Post the answer to the above question in a discussion Forum



To learn about the Nexus of Explainable AI and Responsible AI, read the following material
(1) Baker S., Xiang S. (2023). Explainable AI is Responsible AI How Explainability Creates Trustworthy and Socially Responsible Artificial Intelligence. URL: https://arxiv.org/abs/2312.01555.  (Section 4)



(1) Responsible AI is not possible without explainable AI. Justify the above statement 
Post the answers to the above questions in a discussion Forum





(1) Which of the following are true about permutation importance?
a. It is model-agnostic<true>
b. It is a local explanation technique <false >
c. It is a global explanation technique <true>
d. It requires a shuffling of features <true>

(2) Which of the following models is not interpretable by design? 
a. Logistic regression 
b. Random forests <Answer>
c. Decisions trees
d. Support vector machines 

(3) Interpretability can lead to improvement in the performance of a model? 
a. True <Answer> 
b. False  

(4) The Fair-credit report act requires that models be? 
a. Fair
b. Ethical
c. Accountable
d. Transparent <Answer>  


[image: Shape

Description automatically generated with low confidence]
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In your view, what is the purpose of RXAI?
[bookmark: _Toc179814404]WHAT’S NEXT?
In the next module, you will learn about intrinsically interpretable models. It is fairly easy for humans to understand the decision making criteria of such models 


	[bookmark: _Toc179814405]MODULE 2:  INTRINSICALLY interpretable Models


INSTRUCTIONAL HOURS:  6
[bookmark: _Toc179814406] Module Overview
In this module, you will learn about techniques used to make transparent the decision making process of models that are classified as intrinsically interpretable. It is usually possible for humans to understand how such models go about their decision making process. You will implement python code that explains the output of a linear regression model.  
[bookmark: _Toc179814407] Learning Outcomes
At the end of this module, you will be able to:
1. [image: ]Identify some of the intrinsically interpretable AI models 
2. Discuss the techniques used to explain intrinsically interpretable AI models 
3. Implement code to create an AI model that include explainability 
4. Interpret intrinsically interpretable model outputs to key stakeholders 
[bookmark: _Toc179814408]    Learning Activities/Task List
1. [image: Shape

Description automatically generated with low confidence]Review Introductory notes on intrinsically interpretable AI models
2. Contribute to a discussion on intrinsically interpretable AI models
3. Review Introductory notes on Explaining Linear Regression Models
4. Implement Python Code to Explain a Linear Regression Model 
5. Review extra reading materials on Intrinsically interpretable models 
6. Contribute to a discussion on one intrinsically interpretable AI models
7. Complete a final quiz on intrinsically interpretable AI models
[bookmark: _Toc179814409]INSTRUCTIONAL MATERIALS & LEARNING ACTIVITIES 
OVERVIEW OF INTRINSICALLY INTERPRETABLE MODELS 
As discussed in the previous module, Explainable AI (XAI) objective is to make the decision-making processes of AI models transparent and understandable to humans. AI models are becoming increasingly complex which has resulted in the demand for models not only to perform well but also to be interpretable. Intrinsically interpretable models are those who’s internal decision process and predictions can be easily understood by humans. These models are inherently understandable without requiring additional tools or techniques. In the next section, we will discuss some of these models.

Linear regression and logistic regression
The relationship between input features and output is linear and the effect of the coefficients can be determined easily. The coefficients directly indicate the strength and direction of the relationship between each feature and the output variable. In a linear regression model, a positive coefficient for an attribute implies that an increase in that feature will result in an increase the predicted outcome. The coefficient represents the change in the output variable that will be observed if there is a unit change in its corresponding attribute with all other attributes remaining constant. The same applies to logistic regression except that a coefficient value represents the change in the log of the odds ratio if there is a unit change in the corresponding variable where the odds is defined as P(x)/(1-P(x)). The actual change in odds given the coefficient value k, is given by the formula ek. 

Decision Trees
Classification and Regression Trees (CART) provide comprehensible tree-structured representation of the decision path for any sample input. It is based on simple yes/no questions at each node of the tree. For CART trees, if the value of the attribute at the node satisfies the yes cut-off criteria, the yes path is followed, else the no path is followed. 
The path from the root to a leaf node in the tree represents a decision rule, which can be easily interpreted.  All the data samples that end up in the same leaf node of a tree are classified in the same way or have the same regression value. The regression value is the average of the samples at the lead node. The classification values is the class of the majority of the (training) samples at the leaf node. If-then rules can be used to represent the decision criteria for each leaf node.

Features importance is another technique that can be used to make transparent the decision making criteria of decision trees.   An attribute’s importance is calculated by getting the sum of its reduction of the variance/Gini index of all it’s the parent nodes. The higher the total reduction, the more important the attribute is. This can help in explaining which attributes have the most weight in the CART tree decision making.    

Rule-Based Models
These include decision rules and association rule models which operate using if-then logic, which is easy to understand. The algorithms generate human-readable rules that represent the logic behind the predictions. 
RuleFit is an example of an algorithm that generates rules using decision tree based methods. The rules are used to capture interactions between the attributes (Molnar C., 2022). The rules are then used as attributes in linear regression based models. The regression model consists of both the original attributes and the rules. The coefficient of both the rules and original attributes determine their importance.  The same techniques used to explain linear regression models can be used to explain RuleFit models since in the end, it results in a linear regression model.  
OneR is another algorithm that learns rules from one feature which means that only one attribute and its possible categories is used to classify instances (Molnar C., 2022). As an example, assume that dataset on house prices has attributes such as location, size, and number of rooms. You can use an attribute such as location (good, medium, bad) to decide the price (high, low). If most houses in a bad location have low prices then we will have the rule (IF location=bad then price=low). If most houses in a medium location have high prices then we will have the rule, (IF location=medium then price=high). Other attributes will also be used to create their own set of rules. Only the attribute whose rules result in the fewest errors is used by the OneR method. Other algorithms for creating decision rules are Sequential Covering and Bayesian Rule list.

As earlier stated, decision rules are explainable by default because they are human readable.  Two other metrics used to explain decision rules are support (also called coverage) and Accuracy (also called confidence of a rule). 
Support is the percentage of the data instances to which the antecedent (condition) part of the rule applies. For instance, if you have the rule (IF location=bad then price=low), then, the coverage of the rule is the percentage of data instances for which this IF condition is true.  The Accuracy of a rule is the percentage of the number of instances that the rule covers that it predicts correctly. 




(1)  Briefly discuss why any of the following is said to be intrinsically explainable: CART, linear regression, logistic regression, rule based models 
Post the answer to the above question in a discussion Forum
  
LINEAR REGRESSION EXPLANATION METHODS 
In this section, you will review the methods used to explain linear regression models. You will see an example used to illustrate the use of these techniques. 

A linear regression model has the form.

i is the coefficient of attribute xi. 0 is known as the intercept and is the value of  when all the attributes have a value of zero. The interpretation given to the other coefficients is as explained below.  

If xi is a numerical feature, increasing its value by one increases the value of  by i provided that all the other attributes remain constant. 
 

If xi is a binary feature (0 or 1), if we take 0 as the reference value, the value of   increases by i if xi is changed from zero to one with all other attributes remaining constant. 
 
If xi is a categorical feature, one hot encoding can be used to change it to several binary features.  The interpretation of the binary features will then apply.

The other measure used to interpret linear regression models is features importance. The feature importance is calculated using the formula below:

Where SE(i) is the standard error of coefficient. A coefficient with a higher standard error has its importance reduced because of its lack of certainty. The importance of an attributes can be plotted on with a horizontal line representing each coefficient. The width of the line represents the coefficient of the attribute and its confidence interval. The center of the line represents the mean value of the attribute. The vertical position of the line represents its importance with more important attributes being higher in the graph. 

The R2 score is another parameter used to explain the decision criteria of a linear regression model. Its range should be from 0 to 1 where 1 means that the model entirely explains the variance in the output variable. However its value can be less than one which means the model does not at all explain the variance in the output variable.  It is given by the formula below:




yi is the actual output for example     i,  is the predicted value and    is the mean of the output value. 
IMPLEMENTATION OF LINEAR REGRESSION EXPLAINABILITY USING PYTHON 
In this example, we are going to use the diabetes dataset from the scikit-learn Python package to calculate the value of coefficients and explain the resulting model. The code is given below:
#import the necessary packages
import statsmodels.api as sm
import statsmodels.formula.api as smf
import numpy as np
import pandas as pd

from sklearn.model_selection import train_test_split
from sklearn.metrics import mean_squared_error as mse, r2_score
from sklearn.datasets import load_diabetes
import numpy as np
import matplotlib.pyplot as plt
import seaborn as sns

#Load the data
data=load_diabetes()
#print(data.DESCR)

#store the predictors in and target in separate variables 
x=data.data
y=data.target
print(x.shape)
print(y.shape)
# Prepare the data for the StatsModel module by adding a constant. 
#One more attribute whose values is zero will be added to each row
x=sm.add_constant(x)
print(x.shape)

#Get the columns of the data 
columns=data.feature_names.copy()
columns.insert(0, 'constant')
print(columns)

#Put the data in a dataframe for easier visualization
import pandas as pd
df = pd.DataFrame(x, columns=columns)
df['target'] = y
df.head()

#show the correlation between the variables using a correlation matrix 
corr_matrix = df.corr()
plt.figure(figsize=(8, 6))
sns.heatmap(corr_matrix, annot=True, cmap='coolwarm', fmt=".2f", linewidths=0.5)
# Add a title
plt.title('Correlation Heatmap')
plt.show()

# split the data into training and test set
x_train, x_test, y_train, y_test = train_test_split(x, y, test_size=0.4, random_state=42)

# fit the model
model = sm.OLS(y_train, x_train).fit()

print(model.summary())

#Visualise some of the predictions and compare them with the target values 
predictions=model.predict(x_test)
for val in predictions[0:10]:
  print("{:.0f}\t".format(val), end="")
print()
for val in y_test[0:10]:
  print("{:.0f}\t".format(val), end="")

#view RMSE values and R-Squared values
import numpy as np
rms=np.sqrt(mse(y_test,predictions))
print("RMSE: {:.2f}".format(rms))
print("R2: {:.2f}".format(model.rsquared))
print("Adjusted R2: {:.2f}".format(model.rsquared_adj))

#store the coefficents and their confidence intervals in 
#a dataframe for easier visualization. Also calculate the importance of each
#attribute 

std_errors = model.bse
#95% confidence intervals for the coefficients
conf_intervs = model.conf_int()
#create a dataframe
# Combine into a DataFrame for easy viewing
print(conf_intervs[:,0])
print(conf_intervs[:,1])
dfSummary = pd.DataFrame({
    'Variable': columns,
    'Coefficient': model.params, #Coefficient value
    'Standard Error': std_errors,
    'coeff_lb': conf_intervs[:,0],#lower bounds of the interval
    'coeff_ub': conf_intervs[:,1]#upper bounds of the interval
})
#lb and ub  confidence interval lower bound and upper bound respectively
dfSummary["importance"]=dfSummary["Coefficient"]/dfSummary["Standard Error"]
dfSummary.head(11)

#Sort the values 
dfSorted=dfSummary.sort_values(by="importance", ascending=False)
dfSorted.head(11)

#remove the intercept coefficient and its other associated information
lineLabels=dfSorted['Variable'].values[1:-1] 
lowerBounds=dfSorted['coeff_lb'].values[1:-1]
upperBounds=dfSorted['coeff_ub'].values[1:-1]
coefficients=dfSorted['Coefficient'].values[1:-1]
importances=dfSorted['importance'].values[1:-1]
#get the minimum and the maximum of the coefficients' upper and lower bounds
#This will help in setting the dimensions of the graph
#and generating the axis labels 
temp=np.array(lowerBounds)
minX=temp.min()
temp=np.array(upperBounds)
maxX=temp.max()
xvalues=np.linspace(minX, maxX, 10 , dtype='int')
temp=np.array(importances)
maxX=int(temp.max()+1)
minX=int(temp.min()-1)
yvalues=np.linspace(minX, maxX, 10, dtype='int')

#remove the intercept coefficient and its other associated information
lineLabels=dfSorted['Variable'].values[1:-1] 
lowerBounds=dfSorted['coeff_lb'].values[1:-1]
upperBounds=dfSorted['coeff_ub'].values[1:-1]
coefficients=dfSorted['Coefficient'].values[1:-1]
importances=dfSorted['importance'].values[1:-1]
#get the minimum and the maximum of the coefficients' upper and lower bounds
#This will help in setting the dimensions of the graph
#and generating the axis labels 
temp=np.array(lowerBounds)
minX=temp.min()
temp=np.array(upperBounds)
maxX=temp.max()
xvalues=np.linspace(minX, maxX, 10 , dtype='int')
temp=np.array(importances)
maxX=int(temp.max()+1)
minX=int(temp.min()-1)
yvalues=np.linspace(minX, maxX, 10, dtype='int')
#create the points for the horizontal/importance lines of the coefficients
#also a mide vertival line to show the actual coefficient values 
left=[] #stores left points of importance lines 
right=[] #stores right points of importance lines 
top=[] #stores top point of vertical line marking cefficient location
bottom=[] #stores bottom point of vertical line marking cefficient location
for  x,y,z,w in zip(importances, lowerBounds, upperBounds, coefficients):
  left.append([y,z])
  right.append([x,x])
  top.append([w,w])
  bottom.append([x-0.02,x+0.02])

#Plot the lines 
fig, ax = plt.subplots()
ax.figure.set_figwidth(6)
ax.figure.set_figheight(6)
for i in range(len(left)):
  ax.plot(left[i], right[i], linestyle='-', label=lineLabels[i])
  ax.plot(top[i], bottom[i], color='red')
ax.set_xticks(xvalues,xvalues)
ax.set_yticks(yvalues,yvalues)
ax.legend()
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Figure 2.2: A plot of Feature importance

From figure 2.2, we can see that the bmi is the most important feature in prediction. This can be confirmed by the correlation plot in Figure 2.3.

[image: ]

Figure 2.3: Correlation heatmap for the diabetes dataset



To learn more about intrinsically interpretable models read the following material  
(1) Molnar, C. (2022). Interpretable Machine Learning: A Guide for Making Black Box Models Explainable (2nd ed.), url: https://christophm.github.io/interpretable-ml-book/simple.html



(1)  Briefly discuss the interpretability of the K-nearest neighbor algorithm 
Post the answer to the above question in a discussion Forum




(1) In logistic regression, a unit increase in the value of a predictor variable leads to 
a. A unit increase in the predicted variable
b. A unit increase in the log of the odds ratio of the predicted variable 
c. An increase in the log of the odds ratio of the predicted variable equal to the value of the coefficient of the variable <Answer>
d. None of the above 
(2) After implement the code in the programming activity, what is the value of R-Squared?
a. Between 0.4 and 0.5  
b. Between 0.6 and 0.7  
c. Between 0.5 and 0.6<Answer>
d. Between 0.7 and 0.8 

(3) After implement the code in the programming activity, which is the most important variable in predicting the level of progression of diabetes?
a. s2
b. BMI <Answer>
c. Age 
d. Sex 
(4) After implement the code in the programming activity, variable has the largest standard error?
e. s2
f. age 
g. s1<Answer>
h. BMI 


[image: Shape

Description automatically generated with low confidence]
[bookmark: _Toc179814412]    REFERENCE LIST AND FURTHER READING


Baker S., Xiang S. (2023). Explainable AI is Responsible AI How Explainability Creates Trustworthy and Socially Responsible Artificial Intelligence. URL: https://arxiv.org/abs/2312.01555. Last Accessed: 26-08-2024

Molnar, C. (2022). Interpretable Machine Learning: A Guide for Making Black Box Models Explainable (2nd ed.), url: christophm.github.io/interpretable-ml-book/
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What can cause an intrinsically explainable model to be less explainable?
[bookmark: _Toc179814413]WHAT’S NEXT?
In the next module, you will learn about permutation feature importance 


	[bookmark: _Toc179814414]MODULE 3:  PERMUTATION FEATURE IMPORTANCE


INSTRUCTIONAL HOURS:  6
[bookmark: _Toc179814415] Module Overview
In this module you will learn about Permutation Feature Importance (PFI) as a technique for interpreting machine learning models. You will explore the concept, its role in explainable AI, and how it is used to rank feature importance across various models. You will also cover practical applications, advantages, limitations, and implementation in Python. 
[bookmark: _Toc179814416] Learning Outcomes
By the end of this module, you will be able to:
1. [image: ]Explain the intuition behind using permutation feature importance to rank the importance of features  
2. Discuss how feature importances are calculated using permutation feature importance 
3. Create code to implement permutation feature importance to explain an AI model 
4. Justify the use of permutation feature importance in explaining a AI model  
[bookmark: _Toc179814417]    Learning Activities/Task List
1. [image: Shape

Description automatically generated with low confidence]Review Introductory notes on permutation feature importance
2. Contribute to a discussion on permutation feature importance
3. Review selected readings on permutation feature importance
4. Complete a quiz on key permutation feature importance 
5. Implement Python Code to calculate and plot permutation feature importance
6. Complete a final quiz on permutation feature importance

[bookmark: _Toc179814418]INSTRUCTIONAL MATERIALS & LEARNING ACTIVITIES 
INTRODUCTION TO PERMUTATION FEATURE IMPORTANCE  
Permutation Feature Importance (PFI) is a model-agnostic method used to evaluate the effect of each of the features on the performance of a machine learning model. It involves shuffling the values of a specific feature to disrupt its relationship with the target variable and measuring the drop in model performance (for instance in accuracy or root mean squared error). The greater the drop in performance, the more important the feature is considered to be. As an example, assume that for some variable, the value ‘a’ is associated with an output value ‘c’, then after shuffling, we may end up with different relationship such as ‘b’ being associated with ‘c’ as illustrated below. 


After shuffling


The second relationship is spurious and like saying 2 squared is 6. The drop in performance will be as a result of the model saying that the second relationship is incorrect. That is, the newly assigned value (b) cannot predict c.


PFI is important in explainable AI because it provides an intuitive way to explain the contribution of features to model decisions, making it easier for stakeholders to understand how the model works.  By showing the importance of each feature, PFI helps to interpret the model’s behavior, especially in complex models like random forests or gradient boosting. One of the main advantage of PFI is that it can be applied to any machine learning model, whether it's a decision tree, neural network, or support vector machine.

How Permutation Feature Importance Works
The following is the sequence of steps you use to implement explainability using permutation feature importance algorithm

1) Train the Model
Split the data into the training and test set and train the model on the test set 

2) Get the Baseline Performance
You get the model’s performance on a test set, using a chosen metric such as accuracy, F1 score, or mean squared error.

3) Feature Permutation
Shuffle the values of a single attribute across all samples in the test set. To achieve this, for each of the examples in the test set, add the value that is assigned to the feature into an array.  Once all the values have been copied into the array, shuffle the items in the array. For each training example, assign the attribute of interest the value that has the same position as itself in the shuffled array.
 
4) Re-evaluating the Model Performance 
You then measure the model’s performance with the permuted feature using the test set

5) Calculate Importance
The importance of the feature is the difference between the baseline performance and the performance after permutation. Larger differences indicate more important features. 

Steps 3 to 5 are repeated for all the features.

Strengths of PFI

Model-Agnostic – This technique works with any machine learning model without requiring internal access to the model.
Easy to Implement – It can be easily calculated by permuting features and evaluating performance.
Interpretability – It provides clear, quantitative information on feature relevance that is understandable to non-experts.

Limitations of PFI 

Feature Correlation – It can produce misleading results in the presence of correlated features. If two features are highly correlated, permuting one may not reduce model performance significantly, even though both features are important.

Computational Cost - Shuffling features and re-evaluating model performance for each feature can be computationally expensive, especially with large datasets or complex models.

Dependence on Model Performance Metric - The importance values depend on the performance metric used, which might not always align with business needs or domain-specific goals.



(1) Briefly discuss why shuffling of the values of an attribute leads to decline in performance of an AI model when using PFI
Post the answer to the above question in a discussion Forum

Instruction to digitizers: The student is rated when they post. The score is 2 points. 


PERMUTATION FEATURES IMPORTANCES USAGE EXAMPLES 


To learn about practical examples in the use of permutation feature importance read the following material  
Permutation Feature Importance
Molnar, C. (2022). Interpretable Machine Learning: A Guide for Making Black Box Models Explainable (2nd ed.), URL: https://christophm.github.io/interpretable-ml-book/feature-importance.html
  


(1) The most important feature is the one that results in
a. The greatest error after permutation <Answer> 
b. The least error after permutation 
c. The least change after permutation

(2) In the Bike sharing data, the most important feature is 
a. Holiday
b. Humidity
c. Temperature <Answer>
d. Wind speed 

(3) Permutation Feature Importance is Model Specific 
a. True 
b. False <Answer>
IMPLEMENTATION OF PERMUTATION FEATURE IMPORTANCE USING PYTHON 
You can implement permutation feature importance using python. You should use the permutation_importance class from the sklearn.inspection package. This is illustrated by the below:

#import the necessary packages
from sklearn.ensemble import RandomForestRegressor as RFR
from sklearn.metrics import accuracy_score
from sklearn.inspection import permutation_importance
from sklearn.model_selection import train_test_split
from sklearn.metrics import mean_squared_error as mse, r2_score
from sklearn.datasets import load_diabetes
import numpy as np
import matplotlib.pyplot as plt
import seaborn as sns

#Load the data
data=load_diabetes()
#print(data.DESCR)

#define the data
x=data.data
y=data.target
print(x.shape)
print(y.shape)

#Get the columns of the data
columns=data.feature_names.copy()
print(columns)

#Put the data in a dataframe for easier visualization
import pandas as pd
df = pd.DataFrame(x, columns=columns)
df['target'] 

#show the correlation
corr_matrix = df.corr()
plt.figure(figsize=(8, 6))
sns.heatmap(corr_matrix, annot=True, cmap='coolwarm', fmt=".2f", linewidths=0.5)
# Add a title
plt.title('Correlation Heatmap')
plt.show()

# split the data into training and test set
x_train, x_test, y_train, y_test = train_test_split(x, y, test_size=0.4, random_state=42)

# fit the model
model=RFR(n_estimators=100, random_state=42)
model = model.fit(x_train, y_train)

#Show the features importances calculated by the random forest technique by default
for col, val in zip(columns,model.feature_importances_):
  print("{}: {:.2f}, ".format(col, val), end="")

# Make predictions
predictions=model.predict(x_test)
for val in predictions[0:10]:
  print("{:.0f}\t".format(val), end="")
print()
for val in y_test[0:10]:
  print("{:.0f}\t".format(val), end="")

#view RMSE values and R-Squared values
import numpy as np
rms=np.sqrt(mse(y_test,predictions))
print("RMSE: {:.2f}".format(rms))
r2=model.score(x_test, y_test)
print("R2: {:.2f}".format(r2))

# Apply Permutation Feature Importance
result = permutation_importance(model, x_test, y_test, n_repeats=10, random_state=42, scoring='neg_root_mean_squared_error')
for i in range(len(result.importances_mean)):
     print(f"Feature {data.feature_names[i]}: {result.importances_mean[i]:.3f} +/- {result.importances_std[i]:.3f}")

dfSummary=pd.DataFrame({'Variable':columns, 'importance':result.importances_mean, 'coeff_lb':-result.importances_std[i], 'coeff_ub':result.importances_std[i]})
dfSummary.head(10)

#Sort the values
dfSorted=dfSummary.sort_values(by="importance", ascending=True)
dfSorted.head(11)

# Plotting the bar chart
plt.figure(figsize=(8,6))
plt.barh(dfSorted['Variable'], dfSorted['importance'], color='skyblue', height=0.2)

#labels and title
#plt.xlabel('importance')
#plt.ylabel('variable')
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Figure 3.1: Feature importances as calculated by permutation feature importance

Figure 3.1 shows the permutation feature importance as calculated using the PFI algorithm a random forest classifier for the diabetes dataset. The measure of performance is the root mean squared error (RMSE). The results show that shuffling the bmi attribute results in the RMSE increasing by around 14. Randomizing the s1 and s2 variables actually results in reduction in the RMSE.



(1) What does permutation feature importance measure in a machine learning model?
a. The effect of changing the model's hyperparameters
b. The decrease in model performance when a feature’s values are randomly shuffled <Answer>
c. The number of times a feature appears in the dataset
d. The importance of features based on their frequency in the training data

(2) In permutation feature importance, how is the importance of a feature determined?

a. By randomly shuffling the feature's values and measuring the drop in performance <Answer>
b. By counting the number of times the feature appears in the model
c. By comparing the feature's weight in a linear model
d. By excluding the feature and retraining the model

(3) Which of the following is an advantage of permutation feature importance?

a. It works only with linear models
b. It can handle missing data automatically
c. It does not require retraining the model after permuting features <Answer>
d. It provides the exact weight of each feature


(4) After running the code in the programming activity, what is the RMSE?

a. Between 20 and 30
b. Between 30 and 40
c. Between 50 and 60 <Answer>
d. Between 60 and 70
(5) After running the code in the programming activity, what is the RMSE?

a. Between 20 and 30
b. Between 30 and 40
c. Between 50 and 60 <Answer>
d. Between 60 and 70
(6) After running the code in the programming activity, what is the importance value of s3?

a. 1.3 <answer>
b. 1.4
c. 1.5
d. 1.6 
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How does permutation feature importance make a model explainable?  
[bookmark: _Toc179814423]WHAT’S NEXT?
In the next module, you will learn about individual condition expectation and partial dependence plots 


	[bookmark: _Toc179814424]MODULE 4:  INDIVIDUAL CONDITION EXPECTATION PLOTS AND PARTIAL DEPENDENCE PLOTS


INSTRUCTIONAL HOURS:  6
[bookmark: _Toc179814425] Module Overview
This module will provide you with a comprehensive introduction to Partial Dependence Plots (PDP) and Individual Conditional Expectation (ICE) as essential tools for model interpretability in explainable AI. You will explore the key concepts, differences between global and local explainability, the practical implementation of PDP and ICE, and how these methods help interpret complex machine learning models. The module will also introduce the strengths, limitations, and real-world applications of both techniques. 
[bookmark: _Toc179814426] Learning Outcomes
At the end of this module, you will be able to:
1. [image: ]Explain how Partial Dependence Plots (PDPs) and Individual Conditional Expectation (ICE) Plots are Used in XI
2. Discuss the process of creating PDPs and ICE 
3. Create code to implement PDP and ICE using python
4. Interpret PDPs and ICE plots of AI models to stakeholders  
[bookmark: _Toc179814427]    Learning Activities/Task List
1. [image: Shape

Description automatically generated with low confidence]Review Introductory notes ICE Plots and Partial Dependence Plots
2. Contribute to an Online Discussion on ICE Plots and Partial Dependence Plots
3. Review selected readings on ICE Plots and Partial Dependence Plots
4. Complete a Quiz on ICE Plots and Partial Dependence Plots
5. Implement Python Code on ICE Plots and Partial Dependence Plots
6. Complete a final Quiz on ICE Plots and Partial Dependence Plots

[bookmark: _Toc179814428]INSTRUCTIONAL MATERIALS & LEARNING ACTIVITIES 
INTRODUCTION TO INDIVIDUAL CONDITION EXPECTATION (ICE) PLOTS AND PARTIAL DEPENDENCE PLOTS 

ICE Plots are a local explanation method that shows a visualization of how changing a specific feature affects the predicted outcome for a given data point, keeping all other feature values constant. It shows a separate line for each instance in the dataset, allowing us to observe individual-level feature effects. They are a local interpretability technique. A local interpretability technique explains the model behavior for an individual data instance. 
As an example, in figure 3.1, each blue line corresponds to one instances in the data set. For a specific instance, the value of land size is varied from 400 to 1,400 m2 and the output of the model (the house price) is observed. The land size is then plotted against the price for that instance. The same is repeated for all the other instances (hence the multiple blue lines). 

The orange line in Figure 3.1 shows the changes in the average house prices for all instances as the land size is varied. This is the Partial Dependence Plot which is a plot of the feature values (smallest to largest) against the average predicted value for all instances in the dataset. The partial Dependence plot is a global interpretability technique because it explains the behavior of the model over the entire dataset.   

[image: ]
Figure 3.1: A partial Dependence plot (orange line) of Land Price against House price. As the land size increases the price also rises (Baker S. & Xiang S., 2023). 


General procedure for ICE
To create ICE plots, follow the following sequence of steps:  
1) Train a machine learning model (e.g., a random forest regressor) on a dataset.
2) Select a feature of interest land size.
3) For each instance in the dataset, vary the values of that feature from minimum to maximum and record the predicted outcomes.
4) Plot these outcomes to visualize how different instances respond to changes in the feature.

General Procedure for PDP
To create a PDP plot, follow the following sequence of steps:
Step 1: Train a machine learning model (e.g., decision tree, random forest) on a dataset.
Step 2: Choose a feature of interest (e.g., land size in a house price prediction model).
Step 3: For each value of that feature, compute the average model prediction across the dataset, while keeping all other features constant.
Step 4: Plot these average predictions to visualize the relationship between the feature and the target.

Interpreting ICE Plots
Instance-Level Insights
Each line in the ICE plot represents how a specific instance's prediction changes with variations in the feature. This helps in understanding individual predictions rather than relying on aggregate patterns. It can help answer the questions: How is this instance affected by a change in this feature? What would have been the output for this instance if this feature was set to this specific value?
Heterogeneous Effects
 ICE plots highlight whether different instances are affected similarly or differently by the feature. For example, in some cases, the model's predictions may increase for one group while decreasing for another.
Feature Interaction
 ICE plots help detect interactions between features, which might not be visible in PDPs. If the lines in the ICE plot behave differently for different data points, it suggests that the feature’s effect on prediction may depend on other features.


Interpreting Partial Dependence Plots 
Positive/Negative Slope
If the PDP curve has a positive slope, it indicates that the feature is positively correlated with the predicted target. A negative slope suggests the opposite.
Non-linear Relationships
 A non-linear curve suggests a complex relationship between the feature and the target. For instance, predictions might increase for a certain range of feature values, but plateau or decrease after a threshold.
Feature Interactions
PDPs can also reveal interactions between two features when plotted together. For example, a 2D PDP plot (with two features) shows how the interaction between these features affects the model’s predictions.

Strengths and Limitations of ICE Plots
Strengths
Local Interpretability
ICE provides detailed, instance-level insights, which are particularly useful in domains where understanding individual behavior is critical (for example healthcare, finance).
Detecting Heterogeneous Effects
ICE helps in identifying whether the effect of a feature varies across different data points.
Complementary to PDP
ICE is often used alongside PDP to provide a more complete understanding of feature effects, allowing both global and local interpretation.
Limitations
Complexity of Interpretation
ICE plots can be overwhelming, especially when there are many data points, making it difficult to extract clear patterns.
Computational Expense
 Generating ICE plots for large datasets or highly complex models can be computationally intensive.

Strengths and Limitations of PDP
Strengths
Global Interpretation
PDP offers a global perspective on how a feature influences the model’s predictions, making it valuable for understanding feature importance at a high level.
Simplicity
PDPs are easy to compute and interpret, particularly for linear models or models where the effect of a single feature dominates.
Model-Agnostic
 PDP can be applied to any machine learning model, from linear models to complex ensemble methods like random forests or gradient-boosted machines.
Limitations
Assumption of Feature Independence
PDP assumes that features are independent of one another, which is rarely true in real-world data. When features are correlated, the PDP may not accurately reflect the true effect of the feature.
Limited to Global Insights
PDP provides a global interpretation, meaning it shows the average effect of a feature across the entire dataset. It does not offer local explanations (i.e., it does not explain individual predictions). For local interpretation, Individual Conditional Expectation (ICE) should be used.
Computational Cost
 For large datasets or complex models, generating PDPs can be computationally expensive.



(1) Briefly discuss the relationships between ICE and PDP plots 
Post the answer to the above question in a discussion Forum

Instruction to digitizers: The student is rated when they post. The score is 2 points. 


DETAILED REVIEW OF PDP AND ICE PLOTS EXAMPLELS


To learn about Individual ICE Plots and Partial Dependence Plots, read the following materials   
Individual Conditional Expectation 
Molnar, C. (2022). Interpretable Machine Learning: A Guide for Making Black Box Models Explainable (2nd ed.), URL: https://christophm.github.io/interpretable-ml-book/ice.html
Partial Dependence Plots 
Molnar, C. (2022). Interpretable Machine Learning: A Guide for Making Black Box Models Explainable (2nd ed.), URL: https://christophm.github.io/interpretable-ml-book/pdp.html

  


(1) In an ICE Plot the x-axis represents
a. The feature value
b. The independent variable value
c. The predicted value 
d. The range of feature values <Answer>

(2) In an ICE Plot is model agnostic 
a. True <Answer>
b. False 

(3) In an ICE Plot and PDP Plots, the other features of the data instance are 
a. Set to 1
b. Set to 0
c. Set to their average values
d. Kept constant <Answer>


IMPLEMENTATION OF ICE Plots and PDP Using PYTHON 
You can implement ICE plots and PDP using python. You should use the PartialDependenceDisplay.from_estimator class from the sklearn.inspection package. In the code below, we use the permutation features importance to determine the importance of features to enable us select which feature to plot in the ICE plots and PDP. We will use the breast_cancer dataset from the sklearn datasets. 

#import the necessary packages
from sklearn.ensemble import  RandomForestClassifier as RFC
from sklearn.metrics import accuracy_score
from sklearn.inspection import PartialDependenceDisplay
from sklearn.inspection import permutation_importance
from sklearn.model_selection import train_test_split
from sklearn.datasets import load_breast_cancer
import numpy as np
import matplotlib.pyplot as plt
import seaborn as sns
#Load the data
data=load_breast_cancer()
#print(data.DESCR)
#Check the dimensions of the data
x=data.data
print(x.shape)

#Get the columns of the data
columns=data.feature_names.copy()
print(columns)

#Put the data in a dataframe for easier visualization
import pandas as pd
df = pd.DataFrame(x, columns=columns)
df['target'] = y

#change benign to zero and malignant to 1
df['target']=df['target'].apply(lambda x: 1 if x==0 else 0)
df.head()

# split the data into training and test set
x=df[columns]
y=df['target']
x_train, x_test, y_train, y_test = train_test_split(x, y, test_size=0.4, random_state=42)

# fit the model
model=RFC(n_estimators=100, random_state=42)
model = model.fit(x_train, y_train)

#print(model.summary())
importances=[]
for col, val in zip(columns,model.feature_importances_):
  importances.append((col, val))
importances.sort(key=lambda x: x[1], reverse=True)
print(importances)

#perform some predictions 
predictions=model.predict(x_test)
for val in predictions[0:10]:
  print("{:.0f}\t".format(val), end="")
print()
for val in y_test[0:10]:
  print("{:.0f}\t".format(val), end="")
print()
acc=accuracy_score(y_test, predictions)
print("Accuracy: {:.2f}".format(acc))

# Apply Permutation Feature Importance
result = permutation_importance(model, x_test, y_test, n_repeats=10, random_state=42, scoring='accuracy')
dfSummary=pd.DataFrame({'Variable':columns, 'importance':result.importances_mean, 'coeff_lb':-result.importances_std, 'coeff_ub':result.importances_std})
#Sort the values
dfSorted=dfSummary.sort_values(by="importance", ascending=False)
dfSorted.head(30)

PartialDependenceDisplay.from_estimator(model, x_test, ["worst area"],feature_names=columns, kind='both')
plt.show()

#plot the ICE plots and PDP 
PartialDependenceDisplay.from_estimator(model, x_test, ["worst area"],feature_names=columns, kind='both')
plt.show()

[image: ]
Figure 3.2: ICE Plot and PDP of the worst area feature from the scikit‑learn breast cancer data set.

From Figure 3.2, you can see that there are two clusters in the data set. From the top cluster, an increase in worst area from about 400 to 1,000 results in an increase in probability of malignancy in the breast mass sample. In the lower cluster, an increase in worst area from about 600 to 1,100 leads to a slight increase in the probability of malignancy.  The PDP also seems to reflect his increase up to about 1,100. 



(1)  What does a Partial Dependency Plot (PDP) primarily show in a machine learning model?
a. The distribution of target values
b. The relationship between correlated features
c. The importance of each feature
d. The average effect of one or more features on the predicted outcome <Answer>
(2) How does an Independent Conditional Expectation (ICE) plot differ from a Partial Dependency Plot (PDP)?

a. ICE plots show the variation of feature importance, while PDP shows the distribution
b. ICE plots show feature interactions, while PDP shows individual feature effects
c. ICE plots display the effect of a feature for individual data instances, while PDP shows the average effect across the dataset <Answer>
d. ICE plots are for linear models only, while PDP is for non-linear models
(3) After implementing the programming exercise, using random forest feature importance, which is the most important feature
a. Mean concave points
b. Worst concave points
c. Worst radius
d. Worst area
(4) After implementing the programming exercise, using random forest feature importance, which is the most important feature
e. Mean concave points
f. Worst concave points
g. Worst radius
h. Worst area
(5) After implementing the programming exercise, given the pdp plot of “worst texture” then, an increase in the variable leads to decrease in the probability of malignancy 
a. True 
b. False <Answer>


[image: Shape
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What is the goal of an ICE plot?  
[bookmark: _Toc179814433]WHAT’S NEXT?
In the next module, you will learn about Shapley Additive Explanations 


	[bookmark: _Toc179814434]MODULE 5:  SHAPLEY ADDITIVE EXPLANATIONS 


INSTRUCTIONAL HOURS:  6
[bookmark: _Toc179814435] Module Overview
This module will provide you with a detailed review of Shapley Additive Explanations. You will learn how Shapley values are calculated and how they are used to explain the output of a AI model. You will also learn how you can implement Shapley additive explanations in python. 
[bookmark: _Toc179814436] Learning Outcomes
At the end of this module, you will be able to:
1. [image: ]Explain the principles of Shapley Additive Explanations (SHAP)
2. Describe the process of creating  Shapley Additive Explanations
3. Create code to implement Shapley Additive Explanations using python
4. Interpret SHAP explanation outputs to  stakeholders 
[bookmark: _Toc179814437]    Learning Activities/Task List
1. [image: Shape

Description automatically generated with low confidence]Review Introductory notes on Shapley Additive Explanations
2. Contribute to a discussion on SHAP
3. Review selected readings on SHAP and Shapley Values 
4. Complete a Quiz on SHAP
5. Implement Python code to generate Shapley values and their plots
6. Complete a Final Quiz on SHAP

[bookmark: _Toc179814438]INSTRUCTIONAL MATERIALS & LEARNING ACTIVITIES 
INTRODUCTION TO SHAPLEY ADDITIVE EXPLANATIONS  

SHAP is both a local and Global model-agnostic explainability method that you use to interpret the output of a machine learning model. You use the method to explain how each feature contributes to a prediction. It is based on Shapley values, a concept from cooperative game theory. It measures the contribution of each player (feature) to the total payout (model prediction). It works by measuring the difference in prediction when a feature is included or excluded from the model.

In cooperative game theory, Shapley values are used to distribute a total payout among players based on their contribution to the game. In SHAP, the “game” is the machine learning model, the “players” are the features, and the “payout” is the model’s prediction. In a machine learning model, the payout is equated to the gain in the prediction of an instance where the gain is the difference between the predicted value and the average value for all instances. Shapley values are calculated by considering all possible subsets of feature (values) and measuring how much a feature (value) contributes to the prediction.


Calculation of Shapley Values
The following are the sequence of steps used to calculate Shapley values:

i. Baseline Prediction

Start by considering the model's baseline prediction. This might be a constant prediction like the mean of all predictions. The goal is to compare how each feature changes this baseline.

ii. Form All Feature Subsets (Coalitions)

For each feature i, you need to evaluate its contribution by considering all possible subsets of the other features. Let’s say you have n features; for each feature i, you calculate how adding that feature to various subsets of the other features changes the model's prediction.
As an example, assume you have three features (A, B and C) with values A=, B=and C=. Features set values without  are { }, {}, {}, ( }. 


iii. Marginal Contribution of a Feature
For a given subset of features values S (that does not include feature value  from the example in step ii), calculate the model's prediction with and without feature value .
The marginal contribution of feature value  is the difference between the model’s prediction when the feature value  is included in S and when it's not. This is represented by the following formula: 

Where  is the models prediction when  is included and f(S) is the model’s prediction when  is excluded. 	


iv. Shapley Value Calculation
Step iii calculates the marginal contribution of a feature value for each possible subset of feature values. All these have to be combined to obtain one Shapley value for all the combinations of features sets.  This is obtained using the formula below. Note that each marginal contribution is weighted for the purpose of calculating an average value. 

Where m is the number of possible subsets without feature A (including the empty subset), S is the set of all subsets without . || is the size of a subset and N is the number of features.  is used to weigh the marginal value of each subset such that the total of all weights add up to 1. 
This process is repeated for each of the feature values to get the Shapley value of each of them i.e. the Shapley value of b1 and c1 in our example. 
Note that in the above example, there is an empty subset { }. The model prediction for this subset f({}) is the base value of the average prediction for all the values in the dataset. 
Once the Shapley values have been calculated, they are used to generate various kinds of explanation diagrams such as summary, dependence and force plots. You should then be able to interpret the information depicted in these diagrams.

Computational Challenges 
Shapley values require computing all possible subsets, which grows exponentially as the number of features increases. In addition, it requires training a model for all possible combination of features. For n features, there are 2n possible subsets. 

To make this computation feasible in practice, approximation methods such as Monte Carlo sampling are often used. This approximates the Shapley values by sampling a subset of feature combinations rather than computing all of them.

Shapley Values Properties

Efficiency 
The efficiency property of Shapley value means that the Shapley values of each of the features values must add up to the difference between the predicted value and the average value. For out example case


Where  is the average of the prediction of all instances in the dataset.

Symmetry 
This requires that for any two feature values j and k, their contributions should be the same if they contribute equally to all possible coalitions.

Dummy 
A feature j that does not change the predicted value for any of the coalition of feature values it is added to should have a Shapley value of 0

Additivity  
If a model consists of a number of models that are combined (Ensemble), then the Shapley value for the entire model can be computed and averaging the Shapley values for each of the sub-models in the ensemble.  


SHAP Plots 

SHAP Feature Importance
Feature importance is directly proportional to the features Shapley value. A feature value with a larger Shapley value is considered more important. To get the global importance, you average the Shapley values per feature for all instances in the dataset (mean absolute Shapley value). These values for all the features can be sorted and plotted for instance using a horizontal bar chart. The most important features will be at the top of the bar chart. 
[image: ]
Figure 5.1: Showing that the median income of flat residents is the most importance feature in predicting the price of a house in a flat. 

SHAP Summary Plot
This plot summarizes the SHAP values for all features across the entire dataset.
It shows which features are the most important in the model and the direction of their influence (positive or negative impact on the prediction).
Color coding (e.g., red for high feature values, blue for low) helps interpret how different feature values impact predictions.
[image: ]
Figure 5.2: Summary Plot of SHAP values for the California Housing Data Set. 

From Figure 5.2, you can see that for the MedInc attribute, a low value results in a low Shapley value. For the Latitude, it is the opposite. A high value results in a low Shapley value.   

SHAP Dependence Plot

The dependence plot shows how SHAP values change with respect to one feature and how that feature dependence on another feature in the dataset. It is a plot of the feature value on the x-axis and the Shapley value on the y axis. Color coding is used to show the dependence on another feature of interest. It helps answer the question – how does the change (from low to high) of the feature value impact the prediction? And how are the Shapley values of the feature of interest impacted by the changes on another feature of interest. 

[image: ]
Figure 5.3: Dependence Plot of SHAP values for Latitude feature in the California Housing Data Set showing interaction with the longitude feature. 

From Figure 5.3, you can see that a low latitude and a high longitude results in a higher price contribution for the latitude feature. 

SHAP Force Plot

This plot visualizes how individual features contribute to a single prediction.
It displays the baseline prediction and how much each feature pushes the prediction higher or lower, offering a clear picture of feature contribution for that instance.
[image: ]
Figure 5.4: A force plot for an instance in California Housing Data Set. MedInc exerts the most force towards reducing the price.   

Table 5.1: Shapley Values corresponding to the instance in Figure 5.4

	MedInc
	HouseAge
	AveRooms
	AveBedrms
	Population
	AveOccup
	Latitude
	Longitude

	-0.830
	0.003
	-0.012
	-0.008
	-0.002
	-0.244
	-0.323
	-0.144







(1) Briefly discuss how you can use SHAP for local explanation
Post the answer to the above question in a discussion Forum

Instruction to digitizers: The student is rated when they post. The score is 2 points. 


Detailed Review of SHAP and Shapley Values 


To learn about SHAP and Shapley Values, read the following materials 
Shapley Values
Molnar, C. (2022). Interpretable Machine Learning: A Guide for Making Black Box Models Explainable (2nd ed.), URL: https://christophm.github.io/interpretable-ml-book/shapley.html

SHAP (Shapley Additive exPlanations)
Molnar, C. (2022). Interpretable Machine Learning: A Guide for Making Black Box Models Explainable (2nd ed.), URL: https://christophm.github.io/interpretable-ml-book/shap.html
  


(1) A Shapley value is associated with
a. A feature
b. A Feature value <Answer>
c. A data instance
d. The dataset 
(2) A force plot is used for Global Explanation
a. True 
b. False <Answer>
(3) Shapley values can be used for clustering 
c. True <Answer>
d. False 


IMPLEMENTATION SHAP Using Python  
You can implement the SHAP explanation technique using python. You should make use of the shap package. In the code below, you will use the shap package to calculate Sharpley values for each instance in the data set. You will the use the package to create a number of plots. You will rely on the California housing dataset from the sklearn datasets. 

#import the necessary packages
import numpy as np
import matplotlib.pyplot as plt
from sklearn.model_selection import train_test_split
from sklearn.datasets import fetch_california_housing
from sklearn.ensemble import  RandomForestRegressor as RFR
from sklearn.model_selection import train_test_split
import numpy as np
import matplotlib.pyplot as plt
import seaborn as sns
import shap
from sklearn.metrics import accuracy_score

#get the data set 
data = fetch_california_housing()

print(data.DESCR)
#print(data.feature_names)
#print(data.target_names)

#Check the dimensions of the data
x=data.data
print(x.shape)

#Put the data in a dataframe for easier visualization
import pandas as pd
df = pd.DataFrame(x, columns=columns)
df['target'] = y

df.head(10)

#get a summary of the data
df.describe()

#Print the correlation matrix 
corrM=df.corr()
sns.heatmap(corrM, annot=True, cmap='coolwarm', fmt='.2f')
plt.show()

# split the data into training and test set
x=df[columns]
y=df['target']
x_train, x_test, y_train, y_test = train_test_split(x, y, test_size=0.1, random_state=42)

# fit the model
model=RFR(n_estimators=100, random_state=42)
model = model.fit(x_train, y_train)

#print(model.summary())
importances=[]
for col, val in zip(columns,model.feature_importances_):
  importances.append((col, val))
importances.sort(key=lambda x: x[1], reverse=True)
print(importances)

#perform some predictions
predictions=model.predict(x_test)

print("R Squared={:.2f}".format(model.score(x_test, y_test)))

# Initialize SHAP explainer
explainer = shap.TreeExplainer(model)

# Calculate SHAP values using the test data
shap_values = explainer(x_test)
#print the Sharpley value for the first instance in the test data 
print(columns)
print(shap_values.values[0])

#print the average/base value 
print("Base Value={:.3f}".format(shap_values.base_values[0]))

#predict the price of the first instance in the test date 

print("Predicted Price= {:.3f}".format(model.predict([x_test.iloc[0]])[0]))
print("Actual={:.2f}".format(y_test.iloc[0]))

#Plot the feature importances 
shap.summary_plot(shap_values, x_test, plot_type='bar')

#Create the summary plot 
shap.summary_plot(shap_values, x_test)

# Generate the dependence plot of Latutude on longitude 
shap.dependence_plot("Latitude", shap_values.values, x_test, interaction_index="Longitude")

#Generate the force plot for the first instance in the test data 
shap.initjs()
shap.force_plot(explainer.expected_value,shap_values.values[0,:], x_test.iloc[0,:])





(1) What do SHAP values aim to explain in a machine learning model?
a. The contribution of each feature to a specific prediction <Answer>
b. The feature importance ranking
c. The overall accuracy of the model
d. The distribution of feature values in the dataset
(2) Which of the following is a key property of SHAP values?

a. They work only for linear models
b. The contributions of all features always sum to the difference between the model’s prediction and the average prediction
c. They provide explanations for the entire dataset, not individual predictions
d. They ignore interactions between features
(3) What is the main advantage of SHAP values over other feature attribution methods?

a. SHAP values can handle missing data
b. SHAP values provide consistent and fair attribution by considering all possible feature coalitions <Answer>
c. SHAP values are faster to compute than other methods
d. SHAP values work only for tree-based models
(4) After running the code in the programming exercise, we can conclude that an increase in longitude leads to an increase in the prices of a house?

a. True 
b. False <Answer>
[image: Shape
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Explain how Shapley value aid in model interpretability 
[bookmark: _Toc179814443]WHAT’S NEXT?
In the next module, you will learn about local interpretable model-agnostic explanations 


	[bookmark: _Toc179814444]MODULE 6:  local interpretable moDEL‑agnostic explanations (lime) 


INSTRUCTIONAL HOURS:  6
[bookmark: _Toc179814445] Module Overview
In this module, you will learn about another model-agnostic AI explanation technique called LIME. LIME is a technique that uses a surrogate model to explain a black box model. It is a local interpretation technique. You will also get to implement LIME using Python to explain an AI model. 
[bookmark: _Toc179814446] Learning Outcomes
At the end of this module, you will be able to:
[image: ]
1. Explain the principles of Local Interpretable Model-Agnostic Explanations (LIME) 
2. Describe the process of generation of LIME values in a machine learning model 
3. Create code to implement LIME to real-world datasets using python 
4. Interpret SHAP explanation outputs to  stakeholders 

[bookmark: _Toc179814447]    Learning Activities/Task List
1. [image: Shape

Description automatically generated with low confidence]Review Introductory notes on LIME
2. Contribute to a discussion on LIME 
3. Review selected readings and examples on the LIME procedure  
4. Complete a Quiz on LIME 
5. Implement Python code to generate explanations using LIME 
6. Complete a Final Quiz on LIME 

[bookmark: _Toc179814448]INSTRUCTIONAL MATERIALS & LEARNING ACTIVITIES 
INTRODUCTION TO LOCAL INTERPRETABLE MODEL-AGNOSTIC EXPLANATIONS (LIME)

Local Interpretable Model-Agnostic Explanations (LIME) is a technique used to explain the predictions of machine learning models. It provides understandable explanations by approximating the decision boundary of any complex model in a locally interpretable way. It is a model-agnostic technique which means that it can work with any machine learning model. It’s also local, as it explains individual predictions instead of the entire model. 

LIME is important because it helps the user of a model to determine if they can trust the model. Given some prediction, LIME is able to highlight the reason it made that prediction. The user can then decide if the factors the model considered are reasonable. If the model gives reasonable explanations, this will enhance trust in the model and users will have less resistance in accepting it. 
One of the goals of LIME is local fidelity. This means than an explanation must correspond to the way a model behaves in the neighborhood of the instances being explained. While global fidelity is important, this may not be possible for some complex models. 

LIME interpretability is based on the creation of a surrogate model of the black‑box model. The surrogate model is an approximation of the black-box model that is based in an intrinsically interpretable model such as linear model or decision tree.  The fidelity of the surrogate model to the black-box model relates to how closely the predictions of the surrogate model are to those of the black-box model. The fidelity‑interpretability tradeoff refers to the fact that the higher the fidelity, the less interpretable the surrogate model will be. As an example, for a linear model to increase the fidelity, it may need to have more features. This increase in the number of features will make the linear model to be less interpretable.  The interpretability of an instance of the data is therefore represented as the optimization equation shown below.


							

L is a loss function over f (the black‑box model), g (a surrogate model), and  (which defines the neighborhood of x).   is a measure of complexity of g  and G is the set of intrinsically explainable functions 

Steps of LIME

i. Train the black‑box model 
The first step is training of the black‑Box model such as random forest and obtaining its performance. The black‑box model is represented by a function f
ii. Selection of features for the surrogate model 
The second step is selection of the number of features for the surrogate model. This can be done automatically using algorithms such as Lasso. This step also determines the nature of the surrogate model data. The surrogate model data is a modified version of the data used to train the black‑box model. Given an instance x, the modified version of x is z. It should be possible to back z back to x.
iii. Creation of Training data for the Surrogate Model (Perturbed Samples)

The training data for the surrogate model is created by sampling around z. This means creating variations of z for instance by disabling some of the features. As an example, let’s assume that z consists of five binary features [1, 1, 1, 1, 1]. A value of one means that the features is turned on while a value of 0 means that the feature is disabled. An example variation of z is z1=[0, 0, 1,1,1].  This new version of z is mapped back to the domain of the original data set to obtain a new value x1. x1 is the given as an input to the original model to get a prediction f(x1).    The similarity measure (z, z1) is also obtained – for instance it can be the cosine similarity. 
The training data Z for the surrogate model therefore is all the set of samples <zi, f(x1)> obtained in this way. 


iv. Fitting a Simple, Interpretable Model

Using these perturbed samples and the predictions, LIME builds an interpretable model (like a linear model or decision tree) locally around the original data point.
This interpretable model is trained to mimic the behavior of the original model only in the vicinity of the specific instance being explained. The interpretable model (g) is built by minimizing the following loss function 



v. Generating the Explanation

The explanation is based on the simple model’s feature importance. It shows which features (and their values) most influenced the original model’s prediction for that particular instance.

LIME for Tabular Data
To get samples from tabular data, for each column, statics of the feature such as mean and standard deviation are calculated and new values generated from the corresponding distribution. This is done for every column of the features of selected.  Since this values are not necessarily sampled from the neighborhood of the sample of interest, the similarity measure becomes very important.  As an example, if you want to predict the price of a house based on distance from city center(x1) and land size (x2), you will create the required number of samples where each sample is created by generating a value for x1 and a value for x2 from their corresponding distributions. 

LIME for Text Data
For text data you can represent the data from the surrogate model using a bag of words model. As an example, for the sentence “today is a good day”, the bag of words model representation is [1, 1, 1, 1, 1] with a value of 1 indicating that each word is present. Variations are made by replacing some random values of 1 with zero indicating absence of a word e.g. [1, 1, 1, 1, 0] indicates absence of day. 

LIME for Image Data
For images, the data for the surrogate model is made by dividing the image into contiguous regions (also called superpixels). These are continuous areas of an image that have the same color. In the new data set, each region is represented by a binary feature. When the feature value is 0, the region is turned off. When the feature value is 1, the region is turned on.  This is illustrated in the rectangle image below

	
	
	

	
	
	



Figure 6.1: A rectangle image. 

In figure 6.1, each cell is assumed to consist of many pixel of the same color. This is known as a superpixel. Note that this figure has five super-pixels which can be represented as [1, 1, 1, 1, 1] when all of them are on. When the top right superpixel is turned off, this becomes [1, 1, 1, 1, 0] and is represented by the Figure 6.2 where the super-pixel that is turned off is greyed out. 
	
	
	

	
	
	



Figure 6.2: A variation of Figure 6.1 with the green segment turned off.  


Visual Representation of LIME
Feature importances can be represented visually using methods such as bar charts of feature importances. For images, the feature importances are shown by showing which of the superpixels are most important in the classification of the image. 





(1) Briefly discuss how you can use LIME to create explanations of image prediction
Post the answer to the above question in a discussion Forum

Instruction to digitizers: The student is rated when they post. The score is 2 points. 


Detailed Review of LIME 


To learn more about LIME, read the following materials 
Local Surrogate (LIME)
Molnar, C. (2022). Interpretable Machine Learning: A Guide for Making Black Box Models Explainable (2nd ed.), URL: https://christophm.github.io/interpretable-ml-book/lime.html


(1) What is the primary goal of LIME?
a. To simplify the entire machine learning model
b. To optimize the performance of deep learning models
c. To improve the accuracy of machine learning models
d. To explain individual predictions of any machine learning model<Answer>
(2) How does LIME approximate a machine learning model to make it interpretable?
a. By creating a simpler global model for the entire dataset
b. By replacing complex features with simpler ones
c. By building a local surrogate model around a specific prediction
d. By retraining the model using linear regression




IMPLEMENTATION LIME Using Python  
You can implement the LIME explanation technique using python. You should make use of the shap package. In the code below, you will use the lime package to calculate create explanations for an each instance in the data set. You will the use the package to create a number of plots. You will rely on the California housing dataset from the sklearn datasets. 

#install lime
!pip install lime 

#import the necessary packages
import numpy as np
import pandas as pd
from sklearn.datasets import load_iris
from sklearn.ensemble import RandomForestClassifier
from sklearn.model_selection import train_test_split
import lime
from lime.lime_tabular import LimeTabularExplainer
from sklearn.metrics import accuracy_score

#get the data set
data = load_iris()

#print(data.DESCR)
print(data.feature_names)
print(data.target_names)
#dir(data)

#Check the dimensions of the data
x=data.data
y= data.target
print(x.shape)

#Put the data in a dataframe for easier visualization
columns=['sepal_length', 'sepal_width', 'petal_length', 'petal_width']
import pandas as pd
df = pd.DataFrame(x, columns=columns)
df['target'] = y
df.head()

# split the data into training and test set
x_train, x_test, y_train, y_test = train_test_split(x, y, test_size=0.2, random_state=42)

#perform some predictions
predictions=model.predict(x_test)
accuracy=accuracy_score(y_test, predictions)
print("Accuracy: {:.2f}%".format(accuracy*100))

# Select an instance to explain
i = 0  
Xinstance= x_test[i].reshape(1, -1)
print(Xinstance)
Xlabel = y_test[i]

# Initialize LIME explainer
explainer = LimeTabularExplainer(
    training_data=x_train,            
    feature_names=columns,  
    class_names=data.target_names,     
    discretize_continuous=True,      
    random_state=42
)

explanation = explainer.explain_instance(
    data_row=Xinstance[0],      
    predict_fn=model.predict_proba,    # Predict function that outputs probabilities
    num_features=4             #number of features to include in the explanation            
)

# Display the explanation in a human-readable format
explanation.show_in_notebook(show_table=True, show_all=False)

# Alternatively, visualize explanation in text format
print("Explanation for instance {}:".format(i))
for feature, weight in explanation.as_list():
    print(f"{feature}: {weight:.4f}")

# Show a bar chart of feature importances
explanation.as_pyplot_figure()










(1) What type of models can LIME be applied to?
a. Only linear models
b. Only tree-based models
c. Any machine learning model<Answer>
d. Only deep learning models
(2) What kind of model is typically used as the surrogate model in LIME to approximate the behavior of complex models?
a. A linear model <Answer>
b. A decision tree
c. A support vector machine
d. A neural network
(3) After implementing the programming exercise, which feature contributes the most to the prediction of the example used in the exercise?
a. Petal Width 
b. Sepal Width
c. Petal length <Answer>
d. Sepal Length 
(4) After implementing the programming exercise, which feature contributes negatively to the prediction of the example used in the exercise?
a. Petal Width 
b. Sepal Width <Answer>
c. Petal length 
d. Sepal Length 

[image: Shape
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What are some of the advantages of LIME?
[bookmark: _Toc179814453]WHAT’S NEXT?
In the next module, you will learn about using class activation mapping to explain convolution network models 



	[bookmark: _Toc179814454]MODULE 7:  CLASS Activation mapping  


INSTRUCTIONAL HOURS:  6
[bookmark: _Toc179814455] Module Overview
In this module, you will learn about a model-specific explanability technique known as class activation mapping. This methods is used to explain the outputs of convolution networks. You will also get to implement this technique practically using Python. This methods is used to explain machine vision models. 
[bookmark: _Toc179814456] Learning Outcomes
At the end of this module, you will be able to:
[image: ]
1. Explain the principles of class activation mapping (CAM) 
2. Describe how the process of generation of class activation maps 
3. Create code to implement CAM in python to show how an image was classified 
4. Interpret class activation maps outputs to  stakeholders 

[bookmark: _Toc179814457]    Learning Activities/Task List
1. [image: Shape

Description automatically generated with low confidence]Review Introductory notes on CAM
2. Contribute to a discussion on CAM
3. Review selected readings and examples on the CAM procedure  
4. Complete a Quiz on CAM 
5. Implement Python code to generate explanations using CAM 
6. Complete a Final Quiz on CAM 

[bookmark: _Toc179814458]INSTRUCTIONAL MATERIALS & LEARNING ACTIVITIES 
INTRODUCTION TO CLASS ACTIVATION MAPS (CAM)

Deep learning models are known to outperform other machine learning models in tasks such as computer vision. However, models like Convolutional Neural Networks (CNNs) are considered black‑boxes because the inner workings and decision-making processes are not easily interpretable. This leads to a reduction in their trustworthiness. One of the tools for explaining decisions in CNNs is Class Activation Mapping (CAM). It is a visualization technique used to highlight the spatial regions of an input image that a CNN focuses on while making a prediction. This helps in identifying the specific regions in an image that the model considers important for predicting a particular class. It can help in creating assurance that the model is not focusing on irrelevant features in its decision making thus increasing transparency and trustworthiness. 
CAM can be applied for use cases such as Medical imaging (to explain why a model predicts a certain condition), Autonomous driving (to explaining which visual cues contributed to decision-making) and in general AI transparency in industries like healthcare, and security. 

In CNNs Feature Maps are the output of convolutional layers. The feature maps encode high-level patterns in the image like edges, textures, or objects. CAM uses the weighted combination of these feature maps in the final convolutional layer to generate a heatmap, showing which areas are relevant for classifying an image. The weights from the last fully connected layer that correspond to a specific class (class-specific weights) highlight how much each feature map influences a particular class. The heatmap uses a jet color scheme where warmer areas show higher relevance. 

[image: ]
Figure 7.1: Class activation map of a cat. 

Figure 7.1 is an example of a class activation map of a cat. The ears and the yes and the outline of the stomach and front leg play a significant role in the identification 

[image: ]
Figure 7.2: The class activation map of a dog misclassified as a cat

Figure 7.2. Shows a dog that was misclassified as a cat. For the particular model, the accuracy was 60% due to early stopping. The model had clearly not yet learnt to distinguish between a dog and a cat. 


Sequence of Steps in CAM
The following are the sequence of steps in obtaining the heatmap image and the corresponding modification of the original image. 
i. Feed an input image into the trained CNNs model
ii. Obtain the feature maps from the last convolution layer which is connected to a global average pooling layer with one value for each feature map
iii. The global average pooling layer is connected to a fully connected (dense layer). Use the class-specific weights from the fully connected layer to compute the weighted average of the feature maps
iv. Generate the CAM heatmap and overlay it on the original image 
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A2     
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Figure 7.1: An Extract of the last convolution layer, the global average pooling layer and the fully connected layer

Given Figure 7.1, the colored rectangles represent the outputs of the last convolution layer (feature maps). A1, A2, and A3 represent the global average of each of the feature maps. C1 and C2 are the nodes of the output layer. The global average pooling layer is connected to the output layer with a weight associated with each connection.  
If as an example C1 is the selected class, the weight from A1 to C1 will be multiplied with the purple feature map (matrix and scalar multiplication).  The weight from A2 to C1 will be multiplied to the green feature map. The weight from A3 to C1 will be multiplied to the blue feature map. 
The results from the three multiplications are then added to get one weighted matrix (heatmap).
The heatmap is then scaled up to the dimensions of the original image. The two images are then added together (matrix addition) to get one image that represents the class activation map.  






(1) Briefly discuss the importance of a global average pooling layer in the CAM technique 
Post the answer to the above question in a discussion Forum

Instruction to digitizers: The student is rated when they post. The score is 2 points. 


Detailed Review of CAM

	[image: ]
	[bookmark: _Toc179814459]READING MATERIAL 1



To learn more about CAM and its implementation read the following guide  
(1) Ruben Winastwan(2024). Class Activation Mapping (CAM): Better Interpretability in Deep Learning Models, URL: < https://zilliz.com/learn/class-activation-mapping-CAM> Last Accessed 11th October, 2024



(1) What is the primary purpose of Class Activation Mapping (CAM)?
a. To improve the accuracy of deep learning models
b. To optimize feature selection in machine learning models
c. To reduce overfitting in deep learning models
d. To visualize the regions of an image that are important for the prediction <Answer>
(2) What is a limitation of the original Class Activation Mapping (CAM) technique?
a. It only works for fully connected networks
b. It is incompatible with large-scale datasets
c. It only works with recurrent neural networks
d. It requires modification of the network architecture <Answer>

IMPLEMENTATION CAM Using Python  
You can implement the CAM using python. Since as of this writing, no library was available to create the CAM image, you will need to write the code get the weights and the feature map from the convolution neural network model and create the CAM heap map. The following code illustrates this. 

import numpy as np
import tensorflow as tf
import tensorflow_datasets as tfds
from tensorflow.keras import layers, models
from tensorflow.keras.optimizers import RMSprop
import matplotlib.pyplot as plt
import cv2 # the open cv library for python 

#Download the dataset. Just a small sample to reduce training time 
tfds.disable_progress_bar()
#80% train, 10% validation and test
trainData = tfds.load('cats_vs_dogs', split = 'train[:5%]', as_supervised = True,shuffle_files=True)
validationData = tfds.load('cats_vs_dogs', split = 'train[5%:7%]', as_supervised = True,shuffle_files=True)
testData = tfds.load('cats_vs_dogs', split = 'train[7%:9%]', as_supervised = True,shuffle_files=True)

# A function for getting the image into the required format 
def formatImage(image, label):
    image = tf.cast(image, tf.float32)
    image = tf.image.resize(image, (240, 240))
    image = (image/255)
    return image, label

#Batch the data 
trainDataBatched=trainData.map(formatImage).batch(16)
validationDataBatched=validationData.map(formatImage).batch(16)
testDataBatched=testData.map(formatImage).batch(10)

# Define the CNN model
def buildModel():
    model = models.Sequential([
        layers.Conv2D(16, (3, 3), activation='relu', input_shape=(240, 240, 3)),
        layers.MaxPooling2D((2, 2)),
        layers.Conv2D(32, (3, 3), activation='relu'),
        layers.MaxPooling2D((2, 2)),
        layers.Conv2D(64, (3, 3), activation='relu'),
        layers.MaxPooling2D((2, 2)),
        layers.Conv2D(128, (3, 3), activation='relu'),
        layers.MaxPooling2D((2, 2)),
        layers.Conv2D(256, (3, 3), activation='relu'),
        layers.GlobalAveragePooling2D(), #this is required 
        layers.Dense(1, activation='sigmoid')  # Binary classification
    ])
    model.compile(optimizer=RMSprop(learning_rate=1e-3),
                  loss='binary_crossentropy',
                  metrics=['accuracy'])

    return model

# Build the model
model = buildModel()

history = model.fit(trainDataBatched, epochs=20, validation_data=validationDataBatched)

# A function to turn the image to the required format for input into the model
def preProcessImage(img):
    return np.expand_dims(img, axis=0)

#the output of the model summary will help you to get the name of the final convolution layer 
model.summary()


# The function to generate CAM
def generateClassicalCAM(model, imgArray, predicted_class):
    # Get the weights of the final dense layer (before sigmoid)
    finalDenseLayerWeights = model.layers[-1].get_weights()[0]

    # Get the output of the last convolutional layer
    convOutput = model.get_layer("conv2d_14").output  # Put the name of the final convolution layer of your model 
    intermediate_model = tf.keras.models.Model([model.inputs], [convOutput])

    # Perform forward pass to get feature maps for the input image
    feature_maps = intermediate_model.predict(imgArray)
    
    classWeights = finalDenseLayerWeights
    # # Weighted sum of the feature maps
    cam = np.dot(feature_maps[0], classWeights)

    #  Normalize the CAM
    cam = np.maximum(cam, 0)
    cam = cam / cam.max()

    # # Resize the CAM to the input image size (240x240)
    cam = cv2.resize(cam, (240, 240))
    return cam


#show the CAM for the images
#get just one batch of test images and breaj
for imgs, labs in testDataBatched.take(1):
  images=np.array(imgs)
  labels=np.array(labs)
  break  

noImages=len(labels)
classes=['Cat', 'Dog']
fig,axes=plt.subplots(noImages,1, figsize=(5,noImages*4))
fig.tight_layout()
plt.axis('off')

for i in range(noImages):
  img=images[i]
  label=labels[i]
## Preprocess the image
  imgArray = preProcessImage(img)
#Predict the class
  prediction = model.predict(imgArray)
  predictedClass = int(prediction[0] > 0.5)
  cam = generateClassicalCAM(model, imgArray, predictedClass)

## Display the original image with CAM heatmap
  imgResized = cv2.resize(img, (240, 240))
  imgResized=np.uint8(imgResized*255)
  # Convert the CAM to a heatmap
  heatmap = cv2.applyColorMap(np.uint8(255 * cam), cv2.COLORMAP_JET)
## Convert BGR to RGB
# Overlay heatmap on the original image
  superimposed_img = cv2.addWeighted(imgResized, 0.6, heatmap, 0.4,0 )
# # Display the result
  print(classes[predictedClass])
  axes[i].imshow(superimposed_img[:, :, ::-1], )  # Convert BGR to RGB for display
  axes[i].set_title(classes[predictedClass])
  axes[i].axis('off')
#plt.show()









(1) Which of the following types of neural networks is Class Activation Mapping (CAM) most commonly used with?
a. Convolutional Neural Networks (CNNs) <Answer>
b. Recurrent Neural Networks (RNNs)
c. Generative Adversarial Networks (GANs)
d. Multilayer Perceptrons (MLPs)
(2) In the context of CAM, what is typically visualized in the final output to highlight important regions for a class prediction?
a. A decision tree of feature splits
b. A histogram of feature importance
c. The original image overlaid with a heatmap <Answer>
d. The loss function plotted over time
(3) Which layers of a Convolutional Neural Network (CNN) are typically used for generating Class Activation Maps (CAMs)?
a. 	Input layers
b. 	Pooling layers
c. 	Fully connected layers
d. 	The final convolutional layer<Answer>
(4) After implementing the programming exercise. How many parameters does the final convolution layer have?
a. 18,496
b. 73,856 
c. 295,168 <Answer>
d. 320,032
[image: Shape

Description automatically generated with low confidence]
[bookmark: _Toc179814462]    REFERENCE LIST AND FURTHER READING

(1) Ruben Winastwan(2024). Class Activation Mapping (CAM): Better Interpretability in Deep Learning Models, URL: < https://zilliz.com/learn/class-activation-mapping-CAM> Last Accessed 11th October, 2024
(2) Anh Pham Thi Minh (2023). Overview of Class Activation Maps for Visualization Explainability, URL<https://doi.org/10.48550/arXiv.2309.14304>
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Why would you use CAM to explain the output of an AI model?  
[bookmark: _Toc179814463]WHAT’S NEXT?
In the next module, you will learn about anchors which are an additional local explainability technique  
	[bookmark: _Toc179814464]MODULE 8:  Anchors  


INSTRUCTIONAL HOURS:  6
[bookmark: _Toc179814465] Module Overview
In this module, you will learn about anchors. This is a technique that is used to explain a single instance by developing if then rules. The output of this technique is text based. You will review some study materials on anchors and get to implement the technique using Python 
[bookmark: _Toc179814466] Learning Outcomes
At the end of this module, you will be able to:
[image: ]
1. Explain the principles behind use of Anchors in Making AI models interpretable  
2. Describe The Process of Generation of Anchors for an AI model 
3. Create code to implement Anchors in Python to show how a data instances was predicted  
4. Interpret  anchor rules to  stakeholders 

[bookmark: _Toc179814467]    Learning Activities/Task List
1. [image: Shape

Description automatically generated with low confidence]Review Introductory notes on Anchors 
2. Contribute to a discussion on Anchors  
3. Review selected readings and examples on the Anchors  
4. Complete a Quiz on Anchors  
5. Implement Python code to generate explanations using Anchors  
6. Complete a Final module quiz 

[bookmark: _Toc179814468]INSTRUCTIONAL MATERIALS & LEARNING ACTIVITIES 
INTRODUCTION TO ANCHORS

Anchors are a local model-agnostic explainable AI technique in which if-then rules are generated to explain model predictions. These rules are derived from specific feature values in the input data, which strongly influence the AI’s decision. Anchors work by identifying “anchors” which are subsets of feature values that, when fixed, guarantee the same prediction within a particular range of similar inputs. This gives users a clear and straightforward explanation of why the model made a particular decision.
How Anchors Work
Anchors rely on the following principles to provide explanations:

Identifying Important Features
For a given input, the anchors algorithm first examines the feature values that contributed most significantly to the prediction. This is determined by fixing the values of such features and varying the other features. If the accuracy (precision) of the model remains high (predicts most of the varied instances in the same way as the original sentence) in spite of the variance in the other features, then these features are important in the e prediction of the instance in consideration. These features values are potential candidates for forming the anchor. 

As an example suppose we have the sentence “The show is not good” for which we have a model that performs sentiment classification and it classifies this sentence as negative.  If a potential anchor “not, good” (i.e. contains the words not and good) and when we vary (perturb) other words in the sentence the model still predicts negative, then we can conclude that the feature “not, good” is very important for the prediction.
As an example, we can vary the sentence above to “it was not a good performance”.  This varied sentence still contains the words “not” and “good”. The anchors precision will be increased if the black-box model predicts this sentence as negative. The more perturbed sentences it predicts correctly, the higher it’s precision.

Any potential anchor will be compared with other potential anchor to pick the most precise. As an example, another potential anchor for the above sentence is “is, not”.   Another is “was, a, good”.  Anchors that are shorter in length (consider less features given the same precision) are preferred. 

Constructing If-Then Rules
Anchors generate rules that resemble human reasoning. For example, in a model predicting whether a customer will default on a loan, an Anchor might state:
"If the customer’s credit score is above 700 and income is over $50,000, the model predicts no default with high confidence."

Coverage

Coverage refers to the number of instances in the perturbed dataset for which the rule applies. This is determined when trying to add a new feature. As an example if we have the anchor {not}, we can extend it to {not, good} or {not, was}. If these have equal precision, then we will prefer the rule that matches more instances from the sample dataset that matched the original {not} anchor. 

If we find that {not, good} is more precise, and it’s precision is equal to the {not} anchor but the coverage of the {not} is greater, then we will prefer the shorter rule. 


(1) Briefly discuss the anchors algorithm chooses between two competing rules
Post the answer to the above question in a discussion Forum

Instruction to digitizers: The student is rated when they post. The score is 2 points. 


Detailed Review of Anchors 


To learn more about Anchors, read the following materials 
Scoped Rules (Anchors) 
Molnar, C. (2022). Interpretable Machine Learning: A Guide for Making Black Box Models Explainable (2nd ed.), URL: https://christophm.github.io/interpretable-ml-book/anchors.html


(1) What is the primary goal of the Anchors method in explainability?
a. To generate high-precision, model-agnostic explanations for individual predictions <Answer>
b. To provide global explanations for machine learning models
c. To optimize the performance of a model by modifying its architecture
d. To rank features based on their statistical importance in the dataset
(2) How do Anchors differ from other explainability methods like LIME or SHAP?
a. Anchors focus on providing interpretable rules that guarantee the same prediction when satisfied <Answer>
b. Anchors only work with decision trees, while LIME and SHAP are model-agnostic
c. Anchors provide global explanations, while LIME and SHAP provide local explanations
d. Anchors use deep learning, while LIME and SHAP are based on game theory
IMPLEMENTATION Anchors Using Python  
You can implement the Anchors using python. In this exercise, your will generate explanations for a random forest classification of instances in the iris dataset 

# Install necessary libraries
!pip install alibi 

#import the necessary packages 
import numpy as np
from sklearn.datasets import load_iris
from sklearn.model_selection import train_test_split
from sklearn.ensemble import RandomForestClassifier
from alibi.explainers import AnchorTabular
from sklearn.metrics import accuracy_score

# Load the iris dataset 
data = load_iris()
X, Y = data.data, data.target
feature_names = data.feature_names
class_names = data.target_names

# Split the data into training and testing sets
x_train, x_test, y_train, y_test = train_test_split(X, Y, test_size=0.2, random_state=42)

#Put the data in a dataframe for easier visualization
columns=['sepal_length', 'sepal_width', 'petal_length', 'petal_width']
import pandas as pd
df = pd.DataFrame(x_test, columns=columns)
df['target'] = y_test
df.head(2)

# Train a RandomForestClassifier
model = RandomForestClassifier(n_estimators=50, random_state=42)
model.fit(x_train, y_train)

predictions =model.predict(x_test)
accuracy=accuracy_score(y_test, predictions)
print("Accuracy: {:.2f}%".format(accuracy*100))

#print the targets
targets=list(data.target_names)
print(targets)

#print the prediction of the first item 
pred=model.predict(x_test[0].reshape(1,-1))
print("Actual {} ; Predicted {}".format(targets[y_test[0]], targets[pred[0]]))

# Initialize the Anchor explainer
explainer = AnchorTabular(model.predict, feature_names=feature_names, categorical_names={})
# Fit the explainer to the data
explainer.fit(x_test, disc_perc=(20,40, 60, 60))  # Discretize continuous variables for explanation

# Pick a sample from the test set to explain
sample = x_test[1].reshape(1, -1)
print(f"Model prediction: {class_names[model.predict(sample)[0]]}")

#Explain the model's prediction for the selected instance
explanation = explainer.explain(sample, threshold=0.95)

#Print the anchor explanation
print(f'Anchor: {" AND ".join(explanation.anchor)}')
print(f'Precision: {explanation.precision}')
print(f'Coverage: {explanation.coverage*100}%')

#view the sample 
df.iloc[1].head()







(1) What is an "anchor" in the context of the Anchors method for explainability?

a. A feature that directly correlates with model accuracy
b. A set of feature conditions that ensures the model’s prediction will remain unchanged <Answer>
c. A regularization technique to prevent overfitting
d. A random sample from the training data

(2) In what way do Anchors provide guarantees about their explanations?
a. They guarantee that the model’s overall performance improves
b. They guarantee that features used in the anchor are the most important globally
c. They guarantee the model's interpretability for every prediction
d. They guarantee that any input instance satisfying the anchor conditions will lead to the same prediction <Answer>
(3) What is the coverage for the anchor generated in the programming exercise?
a. 22 % 
b. 26% <Answer>
c. 30%
d. 35%
(4) What is the Anchor generated in the programming exercise?
a. petal width (cm) <= 0.15
b. petal width (cm) <= 0.20
c. petal width (cm) <= 0.25
d. petal width (cm) <= 0.30 <Answer>
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[bookmark: _Toc179814472]    REFERENCE LIST AND FURTHER READING

(1) Molnar, C. (2022). Interpretable Machine Learning: A Guide for Making Black Box Models Explainable (2nd ed.), URL: https://christophm.github.io/interpretable-ml-book/anchors.html
(2) Marco Tulio Ribeiro, Sameer Singh and Carlos Guestrin (2018). Anchors: high-precision model-agnostic explanations. AAAI Conference on Artificial Intelligence (AAAI), 2018
(3) Seldon Technologie(2019). Anchors. URL: <https://docs.seldon.io/projects/alibi/en/latest/methods/Anchors.html>, Last Accessed:12-10-2024
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What would you say is the main advantage of anchors?
[bookmark: _Toc179814473]WHAT’S NEXT?
In the next module, you will learn about counterfactual explanations. This is a technique that asks the question: How can the variables of the instance be changed to obtain a different outcome?


	[bookmark: _Toc179814474]MODULE 9:  Counterfactual Explanations  


INSTRUCTIONAL HOURS:  6
[bookmark: _Toc179814475] Module Overview
In this module you will learn about counterfactual explanations. This is technique that enables you to see how you can modify the feature values of an instance so that its corresponding prediction can change to some desirable value. You will also get the implement counterfactual explanations in python code. 
[bookmark: _Toc179814476] Learning Outcomes
At the end of this module, you will be able to:
[image: ]
1. Explain the principles behind use of Counterfactual Explanations in Making AI models interpretable  
2. Describe The Process of Generation of Counterfactual Explanations for an AI model 
3. Create code to implement Counterfactual Explanations in Python 
4. Interpret  Counterfactual Explanations to  stakeholders 

[bookmark: _Toc179814477]    Learning Activities/Task List
1. [image: Shape

Description automatically generated with low confidence]Review Introductory notes on of Counterfactual Explanations
2. Contribute to a discussion on of Counterfactual Explanations
3. Review selected readings and examples on of Counterfactual Explanations 
4. Complete a Quiz on of Counterfactual Explanations
5. Implement Python code to generate of Counterfactual Explanations 
6. Complete a Final Module Quiz

[bookmark: _Toc179814478]INSTRUCTIONAL MATERIALS & LEARNING ACTIVITIES 
INTRODUCTION TO COUNTERFACTUAL EXPLANATIONS 
A counterfactual explanation provides an alternative scenario by altering input features of a machine learning model to produce a different outcome. It answers what if questions. They help understand model decisions by highlighting what changes in the input would lead to a different (often desirable) prediction.
The original scenario is the model's actual prediction based on input data. The counterfactual scenario alters certain features to observe how the model's output changes. 
As an example, a loan application is rejected based on the applicant's current salary and credit score. A counterfactual explanation might show that if the salary were 10% higher, the loan would be approved.
Counter Factual explanations work by modifying one or more features of the input data while keeping the rest constant. The counterfactual should be as close as possible to the original instance (minimal change) to ensure realistic and actionable explanations.
Generating Counterfactual Explanations
The following is the sequence of steps in generating counterfactual explanations:
i. Start with the original instance and observe the model's prediction.
ii. Decide what different outcome you want the model to predict (e.g., changing a "no" decision to a "yes").
iii. Adjust the features of the instance to achieve the desired output.
iv. Check if the modification results in the desired prediction.
Approaches to Generating Counterfactual Explanations 
i. Brute Force Search
This works by testing different combinations of feature changes to see which ones lead to the desired outcome.

ii. Gradient-based Methods
This uses gradient information to adjust the input features towards the desired output. It works well with differentiable models.
iii. Evolutionary Algorithms
Using genetic algorithms to search for feature combinations that result in the desired prediction.
iv. Optimization-based Methods
Formulating the counterfactual search as an optimization problem where the objective is to find the minimal change in input features that results in a different prediction.
Examples of Counterfactual Explanations
In credit scoring, if a model denies a person a loan based on a credit score of 650. A counterfactual explanation would be that the model would approve the loan if the credit score were 700, and/or if the annual income were increased by 10%.
In medical diagnosis if model predicts that a patient has a high risk of developing diabetes. An example counterfactual explanation would be that if the patient's BMI were lower by 5 units, the model would predict a lower risk.
In a hiring situation if a model rejects an applicant for a job, an example counter factual explanation would be if the applicant had an additional 2 years of experience, they would be considered for the position.
Desirable Properties of Counterfactual Explanations
i. Sparsity is the requirement that only a small number of features should be modified. This ensures the explanation is simple and actionable.
ii. Realism is the requirement that the modified features should be plausible and realistic. Counterfactuals that suggest impossible changes (e.g., a person growing taller) are not useful.
iii. Actionability is the counterfactual should offer actionable insights (e.g., increasing salary, taking a course to improve skills).
iv. Diversity is the requirement that multiple counterfactual explanations for the same prediction can provide different actionable paths.
v. Causal Validity is the requirement that changes should respect causal relationships between features. For instance, increasing a person’s salary should not decrease their age in the data.
Challenges and Limitations Counterfactual Explanations 
i. Computational Cost
Finding the minimal change that leads to a different outcome can be computationally expensive, especially for large models.
ii. Multiple Solutions 
Many counterfactuals may exist for the same instance, leading to ambiguity.
iii. Unrealistic Recommendations
Some counterfactuals may suggest unrealistic changes (e.g., changing immutable features like age).
iv. Non-Causal Models
Counterfactual explanations are most effective when applied to causal models. Without causality, the explanation may not reflect a true path to changing the outcome.




(1) Briefly describe how counterfactual explanations can lead to more fair AI models. Illustrate your answer with an example 
Post the answer to the above question in a discussion Forum

Instruction to digitizers: The student is rated when they post. The score is 2 points. 

Detailed Review of Counterfactual Explanations 


To learn more about Counterfactual Explanations, read the following materials 
Counterfactual Explanations  
Molnar, C. (2022). Interpretable Machine Learning: A Guide for Making Black Box Models Explainable (2nd ed.), URL: https://christophm.github.io/interpretable-ml-book/counterfactual.html


(1) What is the main goal of a counterfactual explanation?
a. To describe how a model makes its predictions
b. To provide an alternate outcome based on changed inputs <Answer>
c. To improve the accuracy of a machine learning model
d. To explain the decision-making process of a human expert

(2) Which of the following best describes a counterfactual example?
a. An example from the training data that the model has never seen before
b. A scenario where the machine learning model is retrained with new data
c. A test case where the model's predictions match the ground truth exactly
d. An example that is close to the example being explained by has a different output <Answer>


IMPLEMENTATION Anchors Using Python  
You can implement the Counterfactual explanations using python. 

#!pip install alibi[tensorflow]
#import the necessary Libraries
import pandas as pd
import numpy as np
from sklearn.ensemble import RandomForestClassifier
from sklearn.model_selection import train_test_split
from sklearn.preprocessing import StandardScaler
from alibi.explainers import CounterfactualRL, Counterfactual
from matplotlib import pyplot as plt
import tensorflow as tf
from sklearn.datasets import load_iris

#load the dataset
data=load_iris()
df= pd.DataFrame(data.data,columns=data.feature_names)
columns=data.feature_names

df['target']=data.target

df.head()

y=data.target
x=data.data

# Split the data into training and testing sets
x_train, x_test, y_train, y_test = train_test_split(x, y, test_size=0.2, random_state=42)

# Standardize the features
scaler = StandardScaler()
x_train_scaled = scaler.fit_transform(x_train)
x_test_scaled = scaler.transform(x_test)

#the function for creating an outoencoder 
from tensorflow.keras.layers import Dense
from tensorflow import keras

ENCODING_DIM = 7
BATCH_SIZE = 64
EPOCHS = 10

class AE(keras.Model):
    def __init__(self, encoder: keras.Model, decoder: keras.Model, **kwargs) -> None:
        super().__init__(**kwargs)
        self.encoder = encoder
        self.decoder = decoder

    def call(self, x: tf.Tensor, **kwargs):
        z = self.encoder(x)
        x_hat = self.decoder(z)
        return x_hat

def make_ae():
    len_input_output = x_train_scaled.shape[-1]

    encoder = keras.Sequential()
    encoder.add(Dense(units=ENCODING_DIM*2, activation="relu", input_shape=(len_input_output, )))
    encoder.add(Dense(units=ENCODING_DIM, activation="relu"))

    decoder = keras.Sequential()
    decoder.add(Dense(units=ENCODING_DIM*2, activation="relu", input_shape=(ENCODING_DIM, )))
    decoder.add(Dense(units=len_input_output, activation="linear"))

    ae = AE(encoder=encoder, decoder=decoder)

    ae.compile(optimizer='adam', loss='mean_squared_error')
    history = ae.fit(x_train_scaled, x_train_scaled,
        batch_size=BATCH_SIZE,
        epochs=EPOCHS,
        verbose=True,)

    # loss = history.history['loss']
    # plt.plot(loss)
    # plt.xlabel('Epoch')
    # plt.ylabel('MSE-Loss')
    return ae 


#Create the autoencoder
ae=make_ae()

#A function to show the differences btn any two instances
def compare_instances(x, cf):
    """
    Show the difference in values between two instances.
    """
    x = x.astype('float64')
    cf = cf.astype('float64')
    for f, v1, v2 in zip(features, x[0], cf[0]):
        print(f'{f:<25} instance: {round(v1, 3):^10} counter factual: {round(v2, 3):^10} difference: {round(v1 - v2, 7):^5}')

# Create and train a Random   Forest model
model = RandomForestClassifier(random_state=42)
model.fit(x_train_scaled, y_train)

#create a prediction function 
predict_fn = lambda x: model.predict_proba(x.reshape(x.shape[0],-1))

pred=predict_fn(x_test_scaled)[0:5]
print(pred)

  # A function to reshape an instance to the format required by the model
  def reshape(x):
    return x.reshape(x.shape[0],-1)

#tf.compat.v1.disable_eager_execution()
#Create the Reinforcement Learning based auto encoder 
cfrl_explainer = CounterfactualRL(
    predictor=predict_fn,               # The model to explain
    encoder=ae.encoder,                 # The encoder
    decoder=ae.decoder,                 # The decoder
    latent_dim=7,                       # The dimension of the autoencoder latent space
    coeff_sparsity=0.5,                 # The coefficient of sparsity
    coeff_consistency=0.5,              # The coefficient of consistency
    train_steps=1000,                  # The number of training steps
    batch_size=100,                     # The batch size
)

cfrl_explainer.fit(X=reshape(x_train_scaled))

#Explain an instance 
x=x_test_scaled[0].reshape(1,-1)
result_cfrl = cfrl_explainer.explain(X=x, Y_t=np.array([1]))
print("Instance class prediction:", data.target_names[model.predict(x)])
countFactPred=model.predict(result_cfrl.data['cf']['X'])[0].argmax()
print("Counterfactual class prediction:", data.target_names[countFactPred])
x=scaler.inverse_transform(x)
counterFact=scaler.inverse_transform(result_cfrl.data['cf']['X'])

features=columns
compare_instances(x, counterFact)








(1) [bookmark: _GoBack]What kind of machine learning models can benefit from counterfactual explanations?
a. Only linear regression models
b. Only deep neural networks
c. Any type of machine learning model <Answer>
d. Only unsupervised learning models
(2) Which of the following is a challenge in generating counterfactual explanations?
a. Generating explanations that are realistic and actionable <Answer>
b. Implementing the explanations in rule-based systems
c. Testing the counterfactual scenarios in a real-world environment
d. Ensuring that explanations always decrease the prediction error
(3) After implementing the coding example, which feature has the largest difference between the instance and the counterfactual? 
a. Petal width
b. Petal length <Answer>
c. Sepal length
d. Sepal width 
(4) After implementing the coding example, which is the class of the counterfactual? 
a. Versicolor 
b. Virginica
c. Setosa <Answer>
[image: Shape

Description automatically generated with low confidence]
[bookmark: _Toc179814482]    REFERENCE LIST AND FURTHER READING

(1) Molnar, C. (2022). Interpretable Machine Learning: A Guide for Making Black Box Models Explainable (2nd ed.), URL: https://christophm.github.io/interpretable-ml-book/counterfactual.html
(2) Seldon Technologies (2019).Alibi Overview Example, URL:https://docs.seldon.io/projects/alibi/en/latest/examples/overview.html
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