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Abstract 
People learn causal relations since childhood using counterfactual reasoning. 
Counterfactual reasoning uses counterfactual examples which take the form 
of “what if this has happened differently”. Counterfactual examples are also 
the basis of counterfactual explanation in explainable artificial intelligence 
(XAI). However, a framework that relies solely on optimization algorithms to 
find and present counterfactual samples cannot help users gain a deeper un-
derstanding of the system. Without a way to verify their understanding, the 
users can even be misled by such explanations. Such limitations can be over-
come through an interactive and iterative framework that allows the users to 
explore their desired “what-if” scenarios. The purpose of our research is to 
develop such a framework. In this paper, we present our “what-if” XAI frame-
work (WiXAI), which visualizes the artificial intelligence (AI) classification 
model from the perspective of the user’s sample and guides their “what-if” 
exploration. We also formulated how to use the WiXAI framework to gener-
ate counterfactuals and understand the feature-feature and feature-output re-
lations in-depth for a local sample. These relations help move the users to-
ward causal understanding. 
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1. Introduction 

As Artificial Intelligence (AI) has become more ubiquitous in our daily lives, 
being used in our smartphones [1], banking systems [2], cybersecurity [3], in-
surance [4], law enforcement [5], etc., it becomes very important to be able to 
understand these systems to narrow down any flaws, biases, and evaluate the 
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performances. Most of what we refer to as AI is simply Machine Learning (ML), 
which uses large amounts of data to create a model that represents the actual 
system. Traditional approaches to ML like linear models, decision trees, etc. are 
easier to explain [6] but their performances pale in comparison to methods like 
Deep Neural Networks (DNN) [7]. These complicated methods are, however, 
much harder to explain due to their much higher complexity. For that reason, 
research in explainable AI (XAI), has become more intense in recent years. The 
explanations generated by an XAI framework can be either data explainability, 
model explainability, or post-hoc explainability [8]. Data explainability refers to 
explaining the data, while model explainability refers to explaining the model as 
a whole; but post-hoc explainability simply refers to a method of explaining the 
ML model’s decision [9]. As the data usually dealt with are very large and the 
ML models quite complex, going the route of data or model explainability is dif-
ficult and thus a large portion of research focuses on post-hoc explanations. 

One of these post-hoc explanation methods is the example-based counterfac-
tual explanation (CFE) method. In simple words, counterfactuals are contrary 
examples to past events that help the thinker understand them [9]. Simply put, 
CFE explains to the users (including domain-experts and decision-subjects) in 
the form of “if x event had occurred differently, the outcome would’ve been dif-
ferent”. Here, domain-experts refer to the experts in non-ML fields like doctors, 
nurses, accountants, economists, etc. who serve a client or a patient, whereas the 
decision-subjects refer to the people who are impacted by the decisions from the 
ML systems like medical patients, banking clients, suspects, etc. [10]. 

In Figure 1(a), we can see a 2-dimensional example of a credit approval ML 
system, which uses data from the users (annual income and credit amount re-
quested) and predicts credit “Approved” or “Not Approved”. Here, the user has 
one set of feature values, represented by sample X in the graph 1, and the ML 
model predicts “Not Approved”. In Figure 1(b), we see the same scenario being 
represented in a tabular form. As mentioned before, a counterfactual explana-
tion approach to this system is using counterfactuals. In Figure 1(c), we see that 
a counterfactual example has been provided: “If the value of annual income had 
been $57k instead of $52k, the system would’ve given the prediction ‘Approved’.” 
This counterfactual point is also shown in Figure 1(a) as X'. Similarly, we also 
see counterfactuals X" (changing the value of Credit Amount from $7.5k to 
$6.5k) and ′′′X  (changing the value of both Income and Credit Amount as seen 
in Figure 1(e)). All 3 counterfactual examples in Figure 1 give some idea about 
the sample and its relation to the classification model. All of them change the 
original classification, making them “valid” counterfactuals. Similarly, ′′′′X doesn’t 
change the original classification which makes it an “invalid” counterfactual. In 
this sense, the counterfactual explanation is a “retrospective reasoning” method 
[11], one that helps users understand the relation between the sample and the 
ML model. Once this relation between the sample and the ML model is unders-
tood, it becomes easier to find recourse for unfavorable outcomes. With enough 
variety of counterfactuals, it is also possible to gather feature-feature and fea-
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ture-outcome relations. CFEs are also able to provide causal conclusions when 
phrased as conditional propositions [9]. 
 

 
Figure 1. Demonstration of counterfactual explanation. 

 
The use of CFE in XAI has also been widely researched recently, with methods 

such as MAPLE [12], CEM [13], DiCE [14], FACE [15], CFX [16], etc. These 
methods solve the optimization problem of finding appropriate singular or a 
handful of counterfactuals. However, they fail to fully capture the user’s prefe-
rence. The goal of these methods is also limited to finding actionable recourse 
for the user rather than providing a framework that promotes learning and causal 
understanding. Allowing the users to interact with the explanations to explore 
their desired “what-if” scenarios, and generating a very large number of diverse 
counterfactuals are the foundational steps in allowing the users to move towards 
causal understanding [17]. 

In this work, we present our WiXAI framework, which visualizes the ML model 
in 2-dimensions and guides the users towards various counterfactuals, allowing 
them to try any number of desired “what-if” scenarios. The information gained 
from the visualization of the ML model (explained more in section), prevents the 
users from having to blindly try out these “what-if” scenarios. We also argue that 
our framework meets the requirements for a system that promotes causal under-
standing formalized by Chou et al. [17]. Thus, the WiXAI framework can be a 
step towards promoting a causal understanding of the ML system and a learning 
process for the users to have a better understanding of the model’s decision and 
subsequently more trust and confidence in the system. 

Our main contributions are: 
1) Formalizing a method of visualizing N-dimensional classification model in 

2 dimensions via Model Projections  
2) Defining an interactive and iterative framework to allow for user-generated 

counterfactuals  
3) Systematizing rules to help users move towards causal understanding with 

“what-if” scenarios 
Helping users understand the decision of the model is very important in in-

creasing their trust and confidence in an ML system. To allow this, we formalize 
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a method of visualizing the N-dimensional model into 2 dimensions. We are uti-
lizing the projection of the model onto each feature space and stacking them to-
gether. The model projections allow the users to visualize the model according 
to their sample, making the visual explanations local. We also define an interac-
tive and iterative framework that allows the users to dynamically explore their 
desired “what-if” scenarios and observe the changes in the view of the model. 
Observing the changes in the model’s projections allows the users to understand 
the feature-feature and feature-output relations. We systematize the rules that 
help the users move from their “what-if” explorations toward causal understand-
ing. The interactive framework also allows the users to test their understanding 
by making use of more “what-if” explorations. 

2. Related Works 

Since the first paper on Counterfactual Explanation in AI [18], there has been a 
lot of research done on various methods and applications of CFE [19]. This takes 
form in CFE methods for any form of data [13]-[15] [20] [21], image specific 
data [22]-[26], tabular data [10] [16] [27] [28], etc. Because a significant portion 
of data stored and used today is still in tabular form, data specifically in tabular 
form will be the focus of our framework this time. 

Most of the research on CFE has been focused on finding counterfactuals by 
solving an optimization problem. These methods sometimes focus on finding 
the closest singular counterfactual [29]-[31], and sometimes multiple counter-
factuals [14] [32] [33], some are model specific [14] [31] [33], and some model 
agnostic [29] [30] [32]. However, almost all of them have the common element 
of generating calculated counterfactuals using one of the four methods: solving 
optimization, heuristic search, instance-based search, and decision tree [34]. 
When generating automated or guided counterfactuals, these are useful tools, 
however, they can take away some or all user choices and thus sometimes pro-
vide inapplicable counterfactuals. Users not being able to verify their under-
standing, can erode trust and confidence in the explanation or the ML system. 

A more user-friendly approach for CFE is to use an interactive tool that keeps 
the end-users in the loop (like in Figure 2). Many such tools have also been 
proposed and developed with various goals in mind [10] [28] [35]-[37]. WIT 
[35], that allowed the ML-experts to focus on sub-group analysis with “what-if” 
exploration was deprecated in Tensor Flow 2.11v > . It was replaced with LIT 
[36], which specifically focuses on text data. SystemD [37] was developed for 
and specifically focuses on business scenario. Most of them also suffer from the 
problem of complexity in their UI and packed features; also, most of them are 
either focused on specific domain experts (like doctors, nurses, economists, 
bankers, etc.) or designed for ML experts. The end goal of these tools is rarely to 
make them useful for the decision subjects. They mostly focus on providing ex-
planations that meet the properties of CFE. These properties of CFE [38] are 
given in Table 1. 

https://doi.org/10.4236/jcc.2024.126011


N. Kshetry, M. Kantardzic 
 

 

DOI: 10.4236/jcc.2024.126011 173 Journal of Computer and Communications 
 

 

Figure 2. An example view of LIT tool. 

 
Table 1. Properties of effective counterfactual explanation. 

Property Definition 

Proximity 
An effective counterfactual should be as similar to the original data as possible. This means the distance be-

tween the original and counterfactual should be minimized. 

Validity 
A counterfactual is valid only if it provides a desired class as the predicted classification  

from the ML system. 

Sparsity 
An effective counterfactual should minimize the number of different features whose values need to be changed 

to reach the counterfactual. 

Plausibility 
A counterfactual that exists as an outlier in the previously seen (training) data, is harder to believe. It is better 

that a counterfactual lies in a more dense region among the previously seen data. 

Discriminative 
In terms of explanation, a counterfactual example should be able to show why the counterfactual provides the 

desired outcome and not the original data. 

Actionability 
Actionable features refer to the features that the user can change. Thus, an actionable counterfactual only 

presents changes to the actionable features. 

Causality 
An effective counterfactual explanation should account for all known causal relationships between features (if a 

causal graph exists). This is different from causality between the features and the outcome. 

 
Cheng et al. [10] conducted interviews with domain experts in their paper 

where they expressed some enthusiasm about the sub-group analysis feature but 
not as much for instance level analysis. Their DECE tool also contains a large 
amount of information and minute details, which can easily overwhelm some-
one without training. However, the main difference between their approach and 
the framework proposed in this paper is the goal. Their tool gives the end users 
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some way to constrain some feature values before the tool searches and presents 
the counterfactuals. In other words, they allow the users to find actionable coun- 
terfactuals with some user constraints. Our WiXAI framework is designed to 
give the end users a tool to explore and understand the classification bounda-
ries and the behavior of the model at an instance level. This allows them to not 
only find their preferred counterfactuals but also gain more confidence in the 
system and understand their circumstances better for more informed decision- 
making. 

Prospector [28] is slightly similar in that it aims to be an exploratory tool, but 
the stated target end-users are ML experts to explore their models and specific 
decisions. This tool is designed so that ML experts can understand how the model 
works in certain situations and why certain predictions are made. It also allows 
the ML experts to check how changing some values might change the prediction. 
Beyond this, the tool is equipped with dependence plots and other forms of ex-
planations which are mostly useful for, and targeted toward model makers and 
not as much for end-users (domain experts or decision-subjects). 

The goal of XAI systems has always been to ultimately achieve a causal expla-
nation but they fall short of this mark. As Pearl [9] explains, counterfactuals are 
the “building blocks of scientific thinking, as well as legal and moral reasoning.” 
Counterfactuals also help people identify cause-effect relations as well [39]. There 
have been many attempts to link CFE with causal explanations [40]-[42], how-
ever, it is still far from complete [19]. 

Chou et al. [17] explain how CFE promises to be a promising avenue to mov-
ing towards causal understanding as part of XAI. In their paper, Chou et al. [17], 
begin with an optimism about the potential of CFE to move towards causability 
but ultimately conclude, that the existing literature doesn’t contain any approach 
or algorithm that sufficiently achieves this. They go as far as to claim that the 
current algorithms provide “spurious correlations rather than cause-effect rela-
tionships” which leads to poor and even biased explanations. They also lay out 
the requirements for an XAI system to promote causability. According to them 
[17], such a system has to be based on some theory of causality, present explana-
tions in the form of counterfactuals, provide human-centric explanations, allow 
user interaction with the explanations, and be complemented by contextual or 
domain-specific knowledge for the end-user. 

Building on this work and using Pearl-Woodward approach [43] [44], Baron 
[34] proposes a standard counterfactual approach to XAI theoretically capable of 
delivering causal understanding. He goes deep into the three different notions of 
causal understanding relevant to ML and how utilizing the Pearl-Woodward 
approach is capable of providing “complete causal certification.” For this, he 
makes use of interventionist causation (explained in the next paragraph) and 
Pearl-Woodward variables (variables referred to in the Pearl-Woodward ap-
proach). Using his proposed system, the causal discovery happens in three steps: 
identifying ML variables that are individual causes, identifying ML variables that 
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are partial causes, along with the complex causes that they are part of, and a 
guarantee that no causes have been missed. 

Interventionist Causation means that a variable X is a direct cause of Y, if, 
when fixing all other variables and changing only the value of X, it is possible to 
change the value of Y or its probability distribution [44]. While Baron [34] 
builds on this definition and the Pearl-Woodward approach to define theoretically 
a framework for a complete causal certification, our approach practically uses 
the idea of intervention to build a “what-if” framework to promote causal learn-
ing. As Wachter et al. [18] explains rather than finding the closest counterfactual, 
it is often more informative to provide several explanations that cover a wider 
range of diverse counterfactuals. Guidotti [38] also reports that children learn 
through counterfactual examples and exploring desired “what-if” scenarios. This 
is the goal of our framework as well: to allow users to explore desired “what-if” 
scenarios and move from counterfactuals toward causal learning. 

3. Visualizing the Model Based on the Sample 

The strength of counterfactual explanations comes from users being provided 
with various counterfactual scenarios, which help users find reasonable recourse, 
and deduce cause-effect relations from these examples [18]. A more potent me-
thod of an explanation framework is to allow the users to explore their desired 
“what-if” scenarios and gather these relations from observations [17]. However, 
with large dimensional data, blindly searching “what-if” scenarios can be un-
fruitful or less productive. As seen in Figure 1, explanations are easier to under-
stand visually. Recognizing the model with respect to the sample helps generate 
counterfactual explanations as well as understand them. 

However, unlike Figure 1, ML problems have much more than 2 dimensions. 
Visualizing the N-dimensional model is difficult, especially in a 2-dimensional 
medium like a computer screen or paper. In this section, we are presenting a 
method of visualizing the model as it appears from the perspective of the sample 
in question (X). This is achieved by projecting the model from the data point 
onto each feature and presenting them one by one as horizontal stacks (seen lat-
er in Figure 3(b)). Creating these projections follows the concept of intervention 
(similar to the concept of interventionist causation by Woodward [44]). Inter-
vention can be defined as a change in the value of a feature, while fixing other 
feature values, thus generating a counterfactual in the purest definition of the 
word [8]. This visualization of the model shows the users the classification 
boundaries on each feature and allows them to explore “what-if” scenarios in a 
more informed manner. As it pertains to a singular data point, these projections 
give local explanations for the user’s sample, rather than trying to generalize the 
classification model. 

In order to understand the model projections, we can consider an ML Classi-
fication Model M, being used to predict a user’s sample X. A model projection 
on a specific feature for the given sample would be a series of classifications from 
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the M, when the values for that particular feature are changed according to its 
range and the rest of the feature values are kept constant. This type of model 
projection on a feature level can be stacked on top of each other to show all the 
features, which would give a more complete picture. This form of model projec-
tion assumes independence of the features when analyzing individually (mean-
ing: changing one feature doesn’t automatically change the value of another fea-
ture). Model projections are explained in more detail in the section 3.1. 

3.1. Visualizing the Model via Model Projection 

Let { }1 2, , , , ,i nθ θ θ θ= � �X  be a data point (a sample) with n features  

{ }1 2, , , , ,i n� �x x x x  and M be the ML classification Model such that y = M(X) 
is the classification for the sample X. 

Now, let the counterfactual i′X  represent the sample ′X  such that:  

{ }1 2, , , , ,i nθ θ θ θ′ ′= � �X . 
i.e all values of X remain the same except for the ith feature. 
Then, the model projection on the ith feature can be represented as a series of 

i′y  obtained by running i′X  where the value of ix  is changed through its 
range. This implies from ( )min ix  to ( )max ix  at a varying interval v for nu-
merical features such that the length of i′y  is constant r. Similarly, for categori-
cal features through all possible values of ix .  

Note: We can change the value of v to adjust how many i′y  will represent the 
projection and ultimately adjust the resolution (r) of the projection. Then v be-
comes the function of the range of ix  and r as seen in equation 1. 

( ) ( )max mini i−
=

x x
v

r
                          (1) 

In algorithm 1, we can see the pseudocode for creating Model Projections for 
the sample X. It outputs a list of lists, y’ where for numerical features, length is 
equal to the resolution r and for categorical features, it is equal to all possible 
values of ix . For each feature, the projection is a list of classes that represents a 
potential “what-if” output class from the sample X. To represent the current 
values, the list also contains ‘c’ (current sample to prevent any confusion). To 
achieve the model projections, we will impute one feature at a time and feed the 
imputed data point X’ to the model. 

3.2. Understanding How Model Projections Look 

As the explanation above and the pseudo-code (given in Algorithm 1) for creating 
the model projections suggest, model projections are in the form of a series of 
lists of classifications. Each list represents one feature and can convey the inde-
pendent impact of the feature within its domain when every other feature is kept 
fixed. It is also possible to visually look at the classification boundary and take 
informed steps to move towards a valid counterfactual as will be discussed in the 
following paragraphs. A visual demonstration of the model projections on simp-
ler 2-dimensional data is shown in Figure 3 and explained subsequently. 
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Figure 3. Demonstrating the use of Model Projections on 2D data. 

 
In Figure 3(a), we can see X is a 2-dimensional sample and M is the binary 

classification model with the classes being gray and white. Currently, X has fea-
ture values: 1 1x θ=  and 2 2x θ=  and the model projections on feature 1x  and 

2x  are represented by 1y′  and 2y′  respectively. For feature 1x  we can see the 
two boundary points are 1b′  and 1b′′ . This means if the value of 1x  is changed 
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such that 1 1x b′<  or 1 1x b′′> , the classification is changed from gray to white. 
As for feature 2x , the value needs to be changed such that 2 2x b′<  to change 
the classification. This much information is also obvious in Figure 3(b) without 
having to see the model and its characteristics/shape. In Figure 4(a), we see how 
the model projections look if there are categorical features. Feature x2 is categor-
ical with 4 different possible values in this illustration. For categorical features, 
the model projections are represented as discrete blocks each representing one 
categorical feature value filled with one color representing the projected class. 
The current sample is represented by a thick black bar on top as can be seen in 
the Figure 4(a). The demonstration of this method on a random sample in 
German Credit dataset [45] is shown in Figure 4(b). 

 

 
Figure 4. Demonstration of model projections on a complex dataset. 

 
In Figure 4(b), we see an ML classification model on the 20-dimensional Ger-

man credit dataset [45] projected onto each of the 20 features. 13 of the features 
are categorical while 7 of them are numerical. The lighter shade represents class 
1 (good credit) while the darker shade represents class 2 (bad credit), and the 
black lines represent the current data point (c as used in algorithm 1). This is 
how the model looks from the sample’s perspective. We can see how changing 
the value for 10 of the features can individually change the predicted class. For 
the numerical features Attribute2, Attribute5, and Attribute16, increasing the 
value brings the sample closer to the other class, while for categorical features, 
some have one feature value that changes the classification while others have 
multiple. Features like Attribute4 and Attribute8 have a single class model pro-
jection, which signifies that changing its value alone cannot change the classifi-
cation. In this manner, using these model projections, we can guide our search 
for counterfactuals, even with high-dimensional data. 

3.3. Finding Counterfactuals with Model Projections 

Once we see the projections and understand what they mean, it is not too diffi-
cult to figure out how to find valid counterfactuals. The simplest ones would be 
finding the sparsest counterfactuals with only one feature value changed. In our 
example, X has classification gray according to the model M. Valid counterfac-
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tuals would be crossing the boundaries in the model projections seen in Figure 
3(b). Changing the value of 1x  from 1θ  to 1b′<  or 1b′′>  or changing the val-
ue of 2x  from 2θ  to 2b′<  both result in the change in classification thus creat-
ing valid counterfactuals. But as we can see in Figure 3(a), because of the curve 
of the model M, the optimal valid counterfactual would need to change the value 
of both 1x  and 2x . 

A more complex but also more important method of finding valid counter-
factuals using model projections is to make gradual changes and look for changes 
in the model projections of other features. In our example, we can see from Fig-
ure 3(b) that sufficiently decreasing the value of either 1x  or 2x  will create a 
valid counterfactual but we (the user) can choose which one is more preferable. 
The choice doesn’t matter but the key is to change the value by a small amount 
and check the projections again. We can see in Figure 5(a), we chose to decrease 
the value of 1x  slightly and the new projections can be seen in Figure 5(b). 
While the change needed in 2x  from 2θ  to 2b′  was slightly larger, the small 
change in 1x  from 1θ  to 1θ  has decreased the difference between the two 
and thus making it possibly easier to change the value of 2x  and find an easier 
counterfactual. This results in the counterfactual X" being composed of two 
steps rather than one step (resulting in a less sparse counterfactual), but at the 
same time it is more optimal than X' as is evident in the two Figure 3(a) and 
Figure 5(c). 

 

 

Figure 5. Demonstrating the use of Model Projections on 2D data to 
find valid counterfactual. 
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3.4. Using Model Projection to Move towards Causal  
Understanding 

Interventionist feature, similar to interventionist causation [44], is any feature 
that can change the classification by changing its value while keeping all other 
feature values fixed. In the case of a multi-class problem, the classification needs 
to be changed to the desired class. In Figure 6, we can see an example of an in-
terventionist feature 1x  as well as a non-interventionist feature 2x . When 
looking at the model projections, interventionist and non-interventionist fea-
tures are easy to find. An interventionist feature will have a multi-class model 
projection, whereas a non-interventionist feature will have a single-class model 
projection.  

 

 

Figure 6. Demonstrating the use of Model Projections on 2D data. 

 
Using the visualization of counterfactuals via model projections, and explor-

ing “what-if” scenarios, it is possible to systematically move toward causal un-
derstanding. As explained by Baron [34], causal discovery should find features 
that are whole causes (independent of other features), features that are part of a 
single cause (related features), and features that do not impact the outcome 
(non-causes). If we have interventionist features xi and xj, we can change the 
value of xi without crossing the classification boundary and gather useful inter- 
feature relations, we can use the following rules to discover related and inde-
pendent features: 

1. If changing the value of xi from iθ  to iθ ′ , such that M(X) = M(X’), we 
observe change in the model projection for feature xj (i.e. change in j′y ), we can 
infer that features xi and xj are parts of the same cause.  

2. If features xi and xj are independent causes to the output, changing the value 
of xi from iθ  to iθ ′ , such that M(X) = M(X'), we should observe no change in 
the model projection for feature xj (i.e. no change in j′y ). 

3. If feature xi is truly an independent cause, changing its value from iθ  to 

iθ ′  such that M(X) = M(X'), doesn’t change model projection ( j′y ) j∀ : 
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1 j n≤ ≤ , j i≠ .  
4. If features xi and xj are part of the same cause and the closest classification 

boundary for xi and xj lies in the same direction, they are directly related (i.e. if bi 
and bj represent the closest boundary for directly related features xi and xj, (‘c’ < 
bi) ⇔  (‘c’ < bj) and (‘c’ > bi) ⇔  (‘c’ > bj)). If they are inversely related, the 
closest classification boundary lies in the opposite directions (i.e. if bi and bj 
represent the closest boundary for inversely related features xi and xj, (‘c’ < bi) 
⇔  (‘c’ > bj) and (‘c’ < bi) ⇔  (‘c’ > bj)).  

5. If feature xk is a non-cause for the model, model projection for xk (i.e. k′y ) 
will never have more than one class. 

In the rules laid out above, we are using “invalid” counterfactuals (counter-
factual points that do not change the predicted class) to understand the relation 
between the features and between the features and the output. The first 2 rules 
help identify features that are part of the same cause, parts of different causes, 
and features that are independent causes. If any two features are part of the same 
cause, changing the value of one of them could influence the math of that cause 
according to the ML model. This implies that if we observe changes in the classi-
fication boundary of another feature while changing the value of a feature, they 
are parts of the same cause. Similarly, if a feature is an independent cause, 
changing its value should never change any model calculation for other features. 
This also implies that for an independent feature, changing its feature value, 
without changing the output class, will always result in the model projections for 
all other features remaining unchanged. 

The fourth rule specifies how the dependent features are related to each other 
concerning the output. If the closest classification boundary for two features, 
part of the same cause, lies in the same direction, they are directly related. If the 
classification boundaries lie in opposite directions, they are inversely related. 
This means that if two features are directly related and increasing one’s value 
brings it closer to the other class, increasing the other feature’s value also brings 
it closer to the other class. Similarly, if they are inversely related and increasing 
one’s value brings it closer to the other class, increasing the other feature’s value 
brings it further from the other class. This direct and inverse relation applies to 
both additive and multiplicative relations at a local level. Finally, the last rule 
discusses non-causes. For any feature that is not a cause of the output, changing 
its value will never impact the ML model’s math. This means that the model 
projection for these features will never show a different class. 

4. Requirements for an Effective XAI Framework 

Even as machine learning becomes more ubiquitous in our daily lives [1]-[4], 
mass adoption in critical fields like medicine, law, etc. have been met with resis-
tance [17]. ML systems are complex by nature, and most users (domain-experts 
and decision-subjects) are untrained in ML or complex mathematics. Expecting 
them to understand the ML models is a tall ask, even with some explanations 
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from various XAI frameworks. Some of the static explanation methods of AI 
may even lead to incomplete explanations, which may mislead the users [46]. 
Without properly understanding the reasons for predictions, it becomes harder 
to trust ML systems [8]. It is our goal with this framework to allow the users to 
comprehend the model prediction for their sample more easily, thus improving 
confidence and trust in the ML system. We explain the reasons for having these 
framework requirements below: 

1) The vast majority of users for an ML system will be decision-subjects or 
domain-experts. It is neither fair nor practical to expect them to possess any 
programming or statistical knowledge [47]. It is, therefore, very crucial that the 
framework is graphically interactive and easy to use without any programming 
knowledge. For most cases, however, it is reasonable to assume that the users 
will have some basic understanding of their own sample. For example, if the ML 
model is being used in a medical setting either by the medical professionals or 
the patients, it is reasonable that they understand what the sample represents as 
it pertains to them. In any case, the system can provide feature explanations as a 
supplement to the explanation framework. 

2) The explanations should be dynamic instead of just static like feature rank-
ing or a fixed set of counterfactuals. Being provided with such static explanations 
puts limitations on the true understanding of the problem by the user and can 
also diminish confidence in the system. Allowing the users to generate their 
choice of counterfactual and facilitating the exploration of “what-if”s, will let 
them intuitively discover the workings of the ML model, especially for their case 
[17]. Exploration of desired “what-if” scenarios is also how the children learn 
[38]. Allowing the freedom of exploration also helps users account for their pre-
ferences in features that may not be accounted for if calculated via optimization 
algorithms. Thus, explanation should be given via user exploration of the “what- 
if” scenarios. 

3) The vast majority of the users (both decision-subjects and domain-experts) 
are not ML or statistics experts. Numerical explanations for them are harder to 
comprehend. Visual explanations on the other hand are more intuitive and con-
vey the explanations more effectively. Emphasis should be put on providing ex-
planations visually as much as possible. This allows the users to understand the 
reasoning for the decision better and garner more confidence and trust in the 
system as a result. 

4) As mentioned earlier, static explanations can be misleading or incomplete. 
These explanations take the form of ranking features, highlighting critical fea-
tures, providing a calculated set of counterfactuals, etc. To prevent misunders-
tanding of the model by the users, the explanations should be dynamic. Dynamic 
explanations are interactive and iterative. Allowing the users to interact with the 
explanations is very important in gaining confidence [17]. It is also important to 
make the explanations interactive and iterative to minimize chances of misun-
derstanding. 
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5) It isn’t always possible for the system to have training data. Oftentimes, ML 
models that are used are proprietary and the training data used to generate the 
model is either too large or unavailable. The only guarantee is the availability of 
the user’s data and the model’s predictions. An effective explanation framework 
should be able to function without the training data. However, if the training 
data is available, the quality of the explanation can be improved. 

6) The end goal of any XAI framework is to make the users feel more confi-
dent in the system by providing causal explanations. However, without providing 
a pathway towards causal understanding, it is not possible to achieve high satis-
faction [11]. For this reason, an effective XAI framework must be able to lead the 
users towards causal understanding. This is achievable, if the users are provided 
with a large number of counterfactuals [17]. Instead of giving static or even cal-
culated explanations, the interactive and user-explored “what-ifs” are more ca-
pable of accomplishing this goal.  

5. WiXAI Framework Architecture 

The WiXAI framework inserts itself in between the User-(XAI)-Model dynamic 
as seen in Figure 7. The box A represents the traditional XAI-Model dynamic 
that the user utilizes, where the user sends their data and receives a prediction 
with a static XAI explanation. This XAI explanation can take the form of feature 
ranking, the mathematical impact of features on prediction, a set of calculated 
counterfactuals [8], etc. It often remains static and even depends on training da-
ta being available. In the case of WiXAI framework, however, the user—WiXAI- 
model interaction is iterative and thus the explanations are dynamic and do not 
depend on training data being available. The explanations are provided in the 
form of a dynamic visualization of the N-dimensional model in 2 dimensions, 
that the users can interact with. 

 

 

Figure 7. Overview of the WiXAI Framework. 
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WiXAI Components and Processes 

Looking from the outside, WiXAI inserts itself into the user-(XAI)-model dy-
namic and removes any need for the user to be versed in programming. The de-
tailed view, seen in Figure 8, reveals the intricate combination of many compo-
nents it takes to make it possible. The interaction window and the visualization 
window are the two components that the users interact with primarily, while the 
rest of the components are hidden from the user’s view. The WiXAI framework 
will take in the user input and provide the prediction as well as dynamic, itera-
tive and visual explanations based on the input. These components and the pur-
pose they serve are explained below: 
 

 

Figure 8. WiXAI Framework Components Sketch. 

 
1) Interaction Window: This window is the only way for the users to give 

input to the framework and thus the ML Model. The inputs are entirely GUI- 
based and require no knowledge of any programming. This component includes 
both the initial data input window for the user’s initial sample as well as the in-
teraction window (with sliders and drop-down menus). The users can use these 
sliders and drop-down menus to change a value and query a “what-if” scenario. 
While the initial user sample is only needed once at the start, from that point, 
the user can make as many small or large changes to the feature values as needed 
to ask a chain of “what-if” questions. These interactions are done via sliders for 
numerical features and drop-down menus for categorical features. 

2) Data Manipulation Engine: This component deals with creating all the 
data points (samples) to be tested. From the user’s initial input, the main user 
sample is created based on the metadata stored in Framework Memory. Using 
the metadata and the user sample, it creates all the data points to generate model 
projections. The main algorithm for this iterative generation of intervention data 
points is explained in algorithm 8. All of these iteratively generated “counterfac-
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tuals” are converted to a dataframe. The same process is repeated each time the 
user makes an interaction (in other words makes a new “what-if” inquiry). 

3) Framework Memory: This component of the WiXAI framework stores the 
important information such as the metadata (with information such as feature 
names and ranges), the location of the ML model, and other optional informa-
tion such as the training data itself. The two key information it requires every 
time is the metadata file, which should contain the feature names, data types and 
ranges, and the location of the ML Model, so that the Model Interactor can find 
the ML Model and communicate with it. The optional information of the train-
ing data can be used for allowing optional features like testing plausibility, rank-
ing the features based on other XAI methods such as LIME, etc. 

4) Model Interactor: This component handles all the interactions between 
the framework and the model. It takes the dataframe generated by and received 
from the Data Manipulation Engine, sends it to the ML Model and receives the 
predictions. It makes use of the Framework Memory component to get the loca-
tion of the ML Model. This is the only component that has any connection with 
the ML Model, thus very crucial for the framework. 

5) Algorithms Engine: This is the heart of the WiXAI framework which 
contains all the analysis tools and methods. This component receives the data 
from the Model Interactor, analyzes them and translates them into visual expla-
nations (in the form of model projections, explained further in section). Using 
the input and predictions received from the Model Interactor, this component 
translates the N-dimensional model into its projection on each feature indivi-
dually. These visual explanations are then sent to the Visualization Engine. If the 
Framework Memory contains training data as well, it enables additional expla-
nations as well in the form of feature ranking using LIME, analysis of plausibili-
ty, etc. These explanations from this component are presented in multiple forms 
(still expanding), but the two important ones are explained below: 

a) Model Projections: Model Projections (explained in detail in section) are 
dependant on the user’s sample and simply represent the classification model on 
a feature level. Looking at each Model Projection, we can find the value (or range 
of values) in the feature domain where the model gives a certain classification 
given all other feature values are fixed. At a glance, they help demonstrate how 
close a sample is to crossing over to the other class. 

b) Ranking Sensitive Features: Based on the output of the model projections 
alone, many other analyses can be done and one of them is the ranking of the 
sensitive features. A feature is said to be more sensitive if the relative change of 
the feature value required to change the classification is less than that of the oth-
er feature. Using the model projections, we can rank the features based on sensi-
tivity, which would make it easier for the users to know which features are likely 
to produce a different classification, thus giving a higher chance of generating a 
valid counterfactual. 

Using the sample X and model projections y′, Algorithm 2 shows the pseu-
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docode for the function Rank_Sensitivity() to output a dictionary of ranked nu-
merical features, categorical features and a list of non-interventionist features. 
All features are divided between the three lists. If the model projection on a fea-
ture doesn’t contain the desired class ŷ , it is considered a non-interventionist 
feature and appended to that list. For the rest, the features are divided based on 
datatype (either numerical or categorical). The reason for dividing the numerical 
and the categorical features is the nature of their values.  

 

 
 

It is simple to use relative distance from the current sample (c) to desired class 
ŷ  in model projections for numerical features. However, for categorical fea-

tures, because there doesn’t always exist order among the values, we need a dif-
ferent way to calculate sensitivity. We are defining sensitivity as the probability 
of reaching the desired class given we change the current feature value. For this, 
we disregard the current feature value and calculate the probability of reaching 
the desired class. Because we are assuming we do not have the training data, we 
will treat each feature value as equally probable. Thus, sensitivity becomes the 
number of desired classes divided by possible values of the feature-1 (for the 
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current data point represented by ‘c’).  
6) Visualization Engine: This is the main visualizing engine of the WiXAI 

framework, that receives the explanations from the Algorithms Engine and creates 
visual graphs. In our implementation, these graphs are created using  
https://matplotlib.org/3.5.3/api/_as_gen/matplotlib.pyplot.html Pyplot of the Mat- 
plotlib library. The model projections are converted into a series of stacked ho-
rizontal bar graphs of various colors, where each color represents a different 
classification of the sample and each bar represents a different feature. An ex-
ample of these projections can be seen in Figure 10(a). 

7. Visualization Window: This window is the main way the users get visual 
explanations from the framework. It contains the prediction from the model for 
their sample but in addition, also contains the projection of the model on each 
feature for the given sample. This window is dynamic and linked with the inte-
raction window. With each change in the feature values from the user (a “what- 
if” inquiry), the visualization updates to give the end-user new projections. This 
window receives the graph from the Visualization Engine and simply displays it 
for the user to interpret. 

6. “What-If” Experiments with WiXAI Framework 

For this paper, we test our framework using the standard German Credit Dataset 
[45], which contains 20 features and a binary class output. We did not change 
the names of the features (they are named Attribute1, Attribute2, ..., Attribute20) 
or the categorical values to keep the look consistent with the original dataset. 
The features represent status of existing checking account, credit amount, age, 
purpose, etc. among others. The users can be provided with supplementary in-
formation about the features [17] or the names of these values can be changed 
before training the model, but in this paper, we will refer to them as A1, A2, ..., 
A20. We split the dataset into 70 - 30 for training and testing and saved the entire 
pipeline. For these experiments, we are using a multi-layer perceptron classifier 
as the ML method. We also extracted and saved some metadata from the train-
ing data such as names, datatype, minimum, and maximum statistics of the fea-
tures. In the case of categorical features, we simply save the set of possible values 
for the feature as its range. This is the only information we are considering as a 
requirement for the WiXAI framework to work. As mentioned in section 13, we 
assume that this metadata is available before using the framework, while the 
training dataset is optional (and not considered in this paper). 

Once the files are generated for testing, we run the framework. In the file se-
lector window, we load the model file and the metadata file (seen in Figure 9(a)). 
These files get loaded into the Framework Memory of the WiXAI framework. 
Finally, in the initialize window, we personalize the values of the features to create 
our test sample as seen in Figure 9(b). The selected random sample has a check-
ing account of value between 0 DM and 200 DM, credit duration of 24 months, 
has paid off past credit, credit request is for furniture/equipment, requested cre-
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dit amount is 2065, has less than 100 DM in savings, has current employment for 
1 to 3 years, installment amount is 3.5% of disposable income, is a single male, 
has no other debtors, has been in current residence for 3.5 years, has real estate 
property, is 35 years old, has other installment plans via a bank, owns current 
housing, has one existing credit in the bank, is a skilled employee, has one per-
son as liable, has a telephone, and is not a foreign worker. This task normally 
would be where the users begin their interaction with the WiXAI framework, 
but here we are selecting a random sample (a data point). From there, we (or the 
end-user) will interact with the framework using sliders and drop-down options 
in the interact window (seen in Figure 9(c)). Once this window is reached, we 
will make tweaks to the feature values, track the changes in the projections, and 
note our findings. 

 

 

Figure 9. Initializing Windows in WiXAI. 

 
As can be seen in Figure 9(c), the top left section shows prediction to be class 

1 (good credit). The value for each feature is displayed and can be interacted 
with, in the interact section. And, the classification boundaries are projected in 
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visualization section on the right. The dark and light colors in each feature are 
representative of the class corresponding to the value of the feature (dark being 
class 2 and light class 1). The black segment within the projection represents 
where the value of the feature currently lies (the ‘c’ value from algorithm 8). The 
interactive slider works for numerical features (both integer and floating type), 
and the drop-down menu works for categorical features. 

6.1. Sample Is Classified. Let’s Explain It! 

From Figure 9(c), we can see some features are interventionist features: A2, A3, 
A5, A16, and A20; while the rest are non-interventionist. Based on a similar con-
cept as interventionist causation [44], these interventionist features can change 
the predicted class by themselves. While all three: A2, A5 and A16 are numerical 
features, the scaled distance from the classification boundary and their current 
values convey their sensitivity. The order from higher sensitivity to lower is as: 
A2 (duration of credit in months) > A5 (Credit amount) > A16 (Number of exist-
ing credits at this bank).  

We also have two categorical features as interventionist: A3 (Credit history) 
and A20 (foreign worker). We can order these interventionist features based on 
sensitivity according to the sensitivity ranking algorithm 2 as A20 > A3. Apart 
from the comparison of the features, having the model projections from the ini-
tial sample also gives us an idea of how to find the sparsest (one feature) coun-
terfactuals. For A3: changing to A3[1], A20: changing to A20[1], or increasing suf-
ficiently the values of A2, A5, and A16 all produce “valid” counterfactuals. We also 
have non-interventionist features, which cannot make enough impact to change 
the classification of the sample while keeping the rest of the feature values fixed. 

6.2. Counterfactuals: Understanding Feature Relations 

When we want to generate a counterfactual, we simply have to use the interact 
section of the framework and we can see two examples shown in Figure 10. In 
Figure 10(a), we increase the value for A16 (Number of existing credits at this 
bank) without crossing the classification boundary. This produces an “invalid” 
counterfactual, as the predicted class has not changed [19]. However, observing 
the changes in model projections for other features gives us valuable informa-
tion. We find more features are interventionist by adding on the previous list 
features: A1, A7, A9, A15 and A17. We also observe the boundaries moving for the 
existing interventionist features. As discussed in section, this implies that these 
features are observably related and part of the same cause. Apart from the new 
interventionist features, we also observe some features persist to have a single 
class projection. While it is not conclusive to say they are globally not related to 
A16 or the output, at an instance level, they do not impact the output enough to 
change the classification (even with the change in value for A16). 

For our second interaction, we change the value of categorical feature A19 
(Telephone) from A19[2] to A19[1], as seen in Figure 10(b). Here, while observ-
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ing similar information as above about interventionist features and sensitivity 
ranking, we mainly observe that the impact on model projections of A2, A5, and 
A16 are minimal. The only real impact we observe is in the projection of A7 
(Present employment since). We can infer from this observation that A19 is 
mostly independent of other features (from the sample’s perspective). 

 

 

Figure 10. Interacting with the sample in WiXAI. 

 
The new data point we reached by changing the value of A16 and A19 is a 

counterfactual, however, because it doesn’t yet change the classification, it is 
considered an “invalid” one. However, as explained by Wachter et al. [18], even 
this “invalid” counterfactual has provided us with meaningful information. We 
also observe that the classification boundary for all the interventionist numerical 
features A2, A5 and A16 lies on the right side of the current value. This means we 
can increase one, two or all three of their values to reach the counterfactual. The 
goal of these experiments is to demonstrate causal learning rather than finding 
simple counterfactuals so we will make other changes. 

6.3. More Counterfactuals: Closer to Causal 

For the third and fourth interactions, we selected a non-interventionist feature, 
A8 (Installment rate in percentage of disposable income), to demonstrate the 
useful information exploration on single-class projections can provide. We first 
change the value of A8 from 3.0 to 1.0 and observe the explanation seen in Fig-
ure 11(a). In the figure, we can observe that the classification boundary moves 
away from all three numerical features A2, A5, and A16. This implies, our data 
point moved away from the classification boundary. Less value for A8 is a stronger 
case for Class 1 and the vice versa should be the case as well. To test that, we in-
crease the value of A8 from 1.0 to 3.5 (higher than the original). In Figure 11(b), 
we observe the changes, which verify our argument. The decision boundaries for 
all the interventionist numerical features get closer to the current value, and we 
observe increased Class 2 projections on categorical features: A3, A4, A7, A9, A15 
and A17. 

https://doi.org/10.4236/jcc.2024.126011


N. Kshetry, M. Kantardzic 
 

 

DOI: 10.4236/jcc.2024.126011 191 Journal of Computer and Communications 
 

 

Figure 11. Interacting with the sample in WiXAI Part 2. 
 

Through the observations like above, we (as the end-user) can find feature- 
feature relations (like relations between A8, A2, A3, A4, A5, A7, etc.) and also the 
relation of features with the output (example: lower value of A8 is a stronger case 
for Class 1 and vice versa). In this manner, the users are able to query their de-
sired “what-if” scenarios and with the help of counterfactuals and visual expla-
nations, move towards causal causal understanding. 

In Figure 12(a), we change the value of A19 back to A19[2] and reaffirm that 
A19 is mostly independent of other features as we do not observe any significant 
changes in the model projections. Finally, we then change the value of A16 from 
2.0 to 3.0 and cross over to the other side of the classification boundary and find 
a “valid” counterfactual (seen in Figure 12(b)). We also observe that the black 
segments in the model projections representing the current values all lie in Class 
2 now. This will always be the case as the position of a sample in the N-dimen- 
sional feature space is fixed. It can only have one classification and all its feature 
values have to be in the same class as the sample. 

 

 

Figure 12. Interacting with the sample in WiXAI Part 3. 
 

Observing the final model projections in Figure 12(b), we can also see that 
the interventionist numerical features are A2, A8, A16 and A18. For A2, A8 and A16, 
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the classification boundary lies on the left side of the current value but for A18, it 
lies on the right. This implies that to change the classification to Class 1 (good 
credit), we can decrease the value of A2, decrease the value of A8, decrease the 
value of A16, or increase the value of A18, or a combination of the four. 

Experimenting with a single sample and trying out “what-if” scenarios on only 
A8, A16, and A19, we were able to make a lot of observations. At one point or the 
other, all features other than A6, A10,..., A14, A18 and A19 became interventionist. 
Among these non-interventionist features, we changed the value of A19 and ob-
served minimal change in model projections making it practically independent 
of the other features. We were also able to show that features like A2, A5, and A16 
had a direct relation while A18 had an inverse relation between them. We also 
found some feature-output relations like: increasing A2, A5, and A16 moves data 
point towards Class 2; for A19, A19[1] moves closer to class 2 than A19[2] and de-
creasing A8 moves further from class 2. Among the 6 counterfactuals we ob-
served, only one of them changed the predicted class, however, we can see how 
informative were the “what-if” inquiries and the visual explanations. 

7. Discussion 

We laid out how the WiXAI framework allows the users to understand the 
model and its relation with their sample using visualization of the model using 
their projections. Users are then able to interact with the sample and explore 
their desired “what-if” scenarios, generating numerous counterfactuals and 
gaining more information. Building on the work of Pearl [43], Woodward [44] 
and Baron [34], we showed how this method of explanation can allow the users 
(including both domain-experts and decision-subjects) to move towards causal 
understanding of the system iteratively. Understanding the prediction from the 
model, helps the users have more trust and confidence in the system, helping the 
adoption of the ML system. 

We also explained 5 requirements for an effective XAI framework in section. 
Our proposed WiXAI framework meets these criteria as it is completely GUI- 
based, provides visual explanations in the form of “what-if” explorations, and is 
interactive and iterative. In this paper, we also argue its effectiveness without any 
training data. We also presented how the exploration of “what-if” scenarios, 
paired with the visualization of the model, can move the users toward a causal 
understanding of the system. The counterfactuals generated in the process also 
meet the qualities of effective counterfactual explanation (explained by Guidotti 
[38]), as explained in Table 2, except for plausibility and preserving causal 
graphs. This limitation is because we are assuming the training data isn’t availa-
ble and accounting for these without that is not possible. Another property, dis-
criminative, cannot be tested because of its subjective nature. 

The WiXAI framework also allows the users to understand the feature-feature 
and feature-output relation (as discussed in section) of the system. It allows the 
users to discover inter-dependent features that are parts of the same cause, fea-
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tures that are part of causes independent of others, and features that are non- 
causes for the output. Finding all these relations globally requires analysis of a 
large number of counterfactuals, but at an instance level, WiXAI can provide 
these relations for features that are most relevant for the user. 

Our framework also satisfies the requirements laid out by Chou et al. [17] for 
a system to move towards causability and they are explained in the Table 3. 

Most counterfactual explanation methods focus on solving the optimization 
problem while trying to find a balance between the loss functions for proximity, 
sparsity, actionability, diversity, etc. [19]. These methods generate a fixed num-
ber of counterfactuals that are calculated to be the most “appropriate” for the 

 
Table 2. Properties of effective counterfactual explanation method. 

CFE Property Explanation 

Proximity and Validity 
As the framework shows classification boundaries, finding the closest boundary and crossing it allows 

the counterfactual to be valid and close to the original sample. 

Sparsity 
As the users can change one feature value at a time and the model is projected at one feature level, the 

WiXAI framework promotes changes to fewer features. 

Plausibility As we are assuming training data to be optional, plausibility isn’t always possible to check. 

Discriminative As Guidotti [38] explains, this property is subjective and not determined in this paper. 

Actionability 
Counterfactuals are generated completely by the user’s perturbation to the existing sample, capturing 

user preference and thus actionable. 

Causality 
Just like with plausibility, not always having training data means a lack of any existing causal graphs 

from the training data. 

 
Table 3. Requirements for promoting causability according to Chou et al. [17]. 

Requirements Explanation 

Requirement 1: the framework needs 
to be grounded on a formal theory of 

causality 

Our framework is based on the interventionist causation and the system laid by Pearl, 
Woodward and Baron [34] [43] [44] satisfying the first requirement. We utilize  

interventionist features (rather than causation), to allow the users to discover causal  
relations in the system. 

Requirement 2: explanations need to 
be in the form of counterfactuals 

Each interaction generates a counterfactual, as well as the visualization of the model and 
provides explanations in the form of counterfactuals. The entire explanation framework for 

WiXAI is counterfactual-centric. 

Requirement 3: explanations need to 
be human-centric 

Since the framework allows the user’s “what-if” explorations for generating counterfactuals, 
the whole WiXAI framework is human-centric. It also explains the decision at a local level 

for the specific user’s sample as well as some broader causal relations. 

Requirement 4: users should be  
able to interact with generated  

explanations 

The entire WiXAI framework is based on the principle of interaction between the end-user 
and the system and keeping them in the loop. It is not only incidental but rather carefully 

designed to provide more control to the end users to promote causal learning. 

Requirement 5: XAI systems need to 
be complemented by contextual and 

domain-specific knowledge 

As mentioned above, the end-users would normally have information about the features as 
they pertain to them. Otherwise, it is very easy to supplement the framework with domain 
knowledge and knowledge about the features, what they represent, their ranges, and other 

information (some of which would also be in the metadata). 
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user. However, allowing the users to explore any of their desired “what-if” sce-
narios, with the aid of visual explanations, helps them understand the ML sys-
tem. It allows them to understand the cause-effect relations better [39], and thus 
have more confidence in the prediction as well as the explanation. Even the 
“invalid” counterfactuals that are generated in the process provide valuable in-
sight into how the features and output are related [18]. 

8. Conclusions 

In this paper, we introduced Model Projections, a method of visualizing an 
N-dimensional classification model in 2 dimensions from the point-of-view of 
the user’s sample. Pairing this with the GUI-based interactive and iterative 
“what-if” exploration, the WiXAI framework allows the users to understand the 
model prediction better. We demonstrated how the visualization of the model 
projections helps inform the users in their exploration as it all leads towards a 
better understanding of the cause-effect relation. Unlike counterfactuals gener-
ated via optimization, user-explored counterfactuals generate a large number of 
“invalid” counterfactuals as well, which provide useful information as discussed 
in section. 

We also presented the requirements laid out for a system that can move to-
wards causal understanding by Chou et al. [17], as well as the properties of effec-
tive CFE summarized by Guidotti [38]. We argued how the counterfactuals gen-
erated via WiXAI framework can help the users move towards a more causal 
understanding of the system. This framework should be useful for both ML ex-
perts to inspect the classification boundaries of the model as well as the end-users 
(both domain-experts and decision-subjects) to have more confidence in the sys-
tem as a whole. 

Future work on the tool can improve upon the explanation when we assume 
the training data is available. The WiXAI framework can also be expanded onto 
regression problems and more types of data such as text data or images. Making 
all the framework processes more efficient can also be looked at to deal with very 
massive models and very high dimensions in data. Instead of freshly calculating 
the classification from the ML Model M for each interaction, it is possible to 
store the past explanations into a database and decrease the number of WiXAI- 
Model communication. It is also useful to study the cost-benefit of communi-
cating with the Model vs storing past explanations and extracting them in some 
cases. 
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