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  Abstract 
In the era of rapid development of AI, although AI systems have made significant 
progress in performance in many areas, the lack of interpretive capability has been 
a major obstacle to further popularization and application, especially in key areas 
such as medicine, finance, and autonomous driving. Causal reasoning aims to study 
the cause-and-effect relationships between variables, which gives a new look at im-
proving the interpretability of AI. This article discusses ways and means to increase 
the interpretability of AI through causal reasoning. Initially, the meaning of the re-
spective concepts and their connection with the interpretability of AI and other the-
oretical foundations is laid out. After that, concrete paths of realization are given, 
such as cause-and-effect modeling, cause-and-effect analysis, and generation of in-
terpretation of cause-and-effect instructions. Testing specific examples, the effec-
tiveness and practical value of these methods are confirmed in typical use cases. 
Integrating cause-and-effect connections into an AI system can make the AI deci-
sion-making process more transparent and understandable, which is of great im-
portance for improving AI reliability and recognition. 
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1. Introduction 

Thanks to the constant development of technology, artificial intelligence has infiltrated all areas of life. Machine 
learning algorithms, such as deep learning models, are effective in processing image recognition, natural language, 
and data prediction tasks. These models often show the characteristics of a black box, and the decision mechanism 
in them is difficult to capture. For example, in the key area of medical diagnosis, accuracy and interpretability are 
necessary, and the unexplained nature of the artificial intelligence system can cause distrust among users, and then 
lead to serious diseases. It's not impossible. For example, in medicine, if doctors or patients cannot understand the 
reason for making a certain diagnosis with artificial intelligence, they can abandon it, which leads to limiting the 
possibility of medical application of artificial intelligence. 

The problem of artificial intelligence's interpretability has attracted much attention from academia and industry. 
Traditional methods, such as analysis of the importance of characteristics and visualization of models, have obvious 
limitations. These methods usually give only superficial explanations of the behavior of the model, and it is difficult 
to perform an in-depth analysis of the cause-and-effect mechanism behind decision-making. Causal reasoning focuses 
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on identifying causal elements that influence an event and the path of its action. Application of cause-and-effect links 
in the field of artificial intelligence can increase the interpretability of the system in order to achieve deeper and more 
practical results, allowing users not only to know the content of the decision-making process of artificial intelligence, 
but also to understand the reasons behind its acceptance. 

This study aims to explore effective ways to improve the interpretability of artificial intelligence through cause-
and-effect relationships. Discuss the theoretical foundations and practical application of cause-and-effect relation-
ships in the field of artificial intelligence interpretability, and try to propose a number of possible solutions to the 
"black box" problem of artificial intelligence. The value of this study is reflected in both theory and practice. In theory, 
he expanded the field of artificial intelligence interpretability research and created a new theoretical base based on 
cause-and-effect relationships. In practice, this can increase the transparency and completeness of AI systems, reduce 
the degree of risk in decision-making, and increase user confidence in AI systems, thus promoting the full application 
of AI in many areas. 

2. Theoretical Foundations of Causal Reasoning and AI Explainability 

2.1 Relevant Concept Definitions 

2.1.1 Causal Reasoning 
Causal reasoning refers to the process of inferring causal relationships between events or variables. It involves iden-
tifying the causes that lead to a particular effect and understanding the mechanisms by which these causes act. In 
philosophy, causality has been a long-standing research topic, and different theories of causality have been proposed, 
such as Hume's regularity theory and counterfactual theory. In the field of statistics and machine learning, causal 
reasoning has been gradually developed into a set of systematic methods, such as causal graphs, structural causal 
models (SCMs), and causal inference algorithms. As shown in the following table: 

Table 1. Comparison of causal reasoning and AI interpretative concepts 

Concept Define the core Core objectives Key methods Application value 

Causal 
reasoning 

To infer the causal rela-
tionship between 

events or variables and 
reveal the causal mech-

anism 

Identify causal fac-
tors and distinguish 
between causality 

and correlation 

Causal graph, structural 
causal model (SCM), 

counterfactual analysis 

Provide deep 
causal basis for AI 
decision making 

AI ex-
planatory 

The AI system provides 
humans with under-

standable decision in-
terpretation capabilities 

Improve model 
transparency and 
enhance user trust 

Feature importance 
analysis, model visuali-

zation, causal driven 
interpretation genera-

tion 

Promote the trusted 
application of AI in 
medical, financial 
and other fields 

2.1.2 AI Explainability 
The interpretability of artificial intelligence means the ability of an artificial intelligence system to explain its deci-
sions or behavior to people. Interpreted artificial intelligence must clearly present the reasons and framework for 
decision-making so that users can understand and act correctly. This ability to interpret is usually divided into two 
aspects: global and local: the former focuses on the general logic of the model's operation, while the latter focuses 
more on individual decisions made for specific inputs [1]. 

2.2 Correlation Analysis Between Causal Reasoning and AI Explainability 

Cause-and-effect relationships are closely related to the interpretability of artificial intelligence, and the former may 
be the theoretical basis for the latter. After modeling causality in the data, we will be able to better understand how 
the input variables affect the output of the artificial intelligence model and based on this we will be able to provide a 
more meaningful explanation. As with medical prognostic models, cause-and-effect relationships can be used to iden-
tify factors that have a key impact on disease outcomes and explain to doctors or patients why they are important. In 
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addition to that, in order to ensure the interpretability of artificial intelligence, one correlation analysis is not enough, 
it is necessary that cause-and-effect relationships cross this limit. Many traditional methods focus only on the degree 
of correlation between characteristics and results, but it is only a simple correlation, not a cause-and-effect relation-
ship. Causal reasoning makes it possible to distinguish a true cause-and-effect relationship from pseudocorrelation, 
and then helps to obtain more accurate and reliable explanations. As shown in the following table: 

Table 2. Comparison of AI interpretative theoretical systems based on causal reasoning 

System info Statistics and 
machine 

 
 

Core methods Application 
scenarios Superiority Boundedness 

Structural 
causal 
model 
(SCM) 

Based on 
counterfac-

tual causality 
theory 

Causal graph 
modeling, inter-
vention analy-
sis, counterfac-
tual reasoning 

Causal analysis 
and decision at-

tribution of 
complex sys-

tems 

Systematically 
model causality 

and support 
multi-dimen-

sional interpre-
tation 

Causal discov-
ery relies on 

prior 
knowledge or 
high-quality 

data 

Counterfac-
tual expla-

nations 

Judea Pearl 
(causal graph 

theory) 

If-then hypoth-
esis analysis 
(e.g., "What 

happens to out-
put Y if varia-

ble X changes") 

Local interpre-
tation (specific 
input decision 

attribution) 

Intuitively 
show the path 
of influence of 

variables on 
output 

The computing 
cost is high in 
high-dimen-
sional data 

Causal ef-
fect estima-

tion 

Proposer/core 
idea 

Double robust 
estimation, in-

strumental vari-
able method, 
and matching 

method 

Feature im-
portance quan-
tification and 

decision factor 
priority ranking 

Quantify the 
degree of 

causal influ-
ence and sup-
port the global 
interpretation 

Not affected by 
unobserved 
confounding 

variables 

2.3 Review of Existing Theoretical Systems 

The field of artificial intelligence interpretability includes many theoretical systems related to cause-and-effect rela-
tionships. The structural causal model (SCM) proposed by Pearl occupies a special place in these systems. The model 
uses cause-and-effect diagrams to show a cause-and-effect relationship between variables, forming the basis for 
cause-and-effect conclusions and interpretation. There are also some scientists who focus on the counterfactual inter-
pretation of this system and clarify the decision-making process in artificial intelligence models by exploring possible 
outcomes in the case of different input variables. Counterfactual interpretation is based on causality theory, which 
allows users to clearly understand the role of each input variable in the output. A clear recognition and understanding 
of the students about this complex relationship will contribute to a more accurate construction of the model. 

In recent years, many results have emerged in the investigation of the combination of cause-and-effect relationships 
and the interpretability of artificial intelligence. For example, some researchers have attempted to use cause-and-
effect diagrams to model decision-making processes in deep learning models to generate cause-and-effect explana-
tions; others have focused on developing causal inference algorithms, trying to find causal factors from the data and 
using them to analyze model prediction results. This type of research has led to the emergence of new ideas and 
directions at both theoretical and practical levels. 

3. Methods for Improving AI Explainability Based on Causal Reasoning 

3.1 Causal Modeling Methods 

A key step in improving the interpretability of artificial intelligence is causal modeling. Building a cause-and-effect 
diagram is the main goal of cause-and-effect modeling. The diagram should represent a cause-and-effect relationship 
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between input variables, internal model variables, and the output. In causal modeling, all this can be roughly divided 
into two types of methods: knowledge-oriented methods and data-dependent methods. 

Data-based causal simulation uses statistical methods to infer cause-and-effect relationships from data. Cause-and-
effect relationship detection algorithms can be used to derive causality diagrams from observational data. Such algo-
rithms analyze statistical dependencies between variables and identify causal structures that are consistent with the 
data. Knowledge-based causal modeling relies on prior knowledge and expert knowledge from the domain to con-
struct cause-and-effect diagrams. In many applied scenarios, especially in complex areas such as health and finance, 
a priori knowledge is crucial to accurately modeling causality. 

After building a causal diagram, it can be used to analyze the cause-and-effect impact of various variables on the 
output of an artificial intelligence model. For example, a cause-and-effect graph can be used to determine which input 
variables are the immediate cause of the output, and which variables are associated with the output only through the 
intermediate variables, as shown in the following table: 

Table 3. Comparison of causal modeling methods 

Knowledge-
driven modeling Core technology Superiority Applicable scene Throw down the 

gauntlet 

Data-driven mod-
eling 

Cause discovery 
algorithm (such 
as PC algorithm, 
IC algorithm), 

machine learning 
inference 

No prior knowledge 
is required, and it is 
suitable for explora-

tory analysis 

Scenarios where 
data is abundant but 
domain knowledge 
is lacking (such as 
causal analysis of 

image data) 

The accuracy of 
causal graph infer-
ence decreases in 
high-dimensional 
data, and the com-

putational com-
plexity is high 

Method type 

Domain experts 
build causal 

graphs and em-
bed logical rules 

Use prior knowledge 
to improve the accu-
racy of modeling and 
reduce data depend-

ence 

Strong domain con-
straint scenarios 

such as medical and 
financial (e.g., dis-
ease causality path 

modeling) 

Relying on expert 
experience, the 

cost of knowledge 
acquisition is high 

3.2 Causal Analysis Methods 

The causal-consequential analysis method can be applied to the causal-consequential relationship shown in the causal 
model to extract valuable information that can be interpreted. The key causal analysis method includes the assessment 
of causality used to assess the intensity and direct the causal impact of one variable on another variable. This method 
makes it possible to determine the importance of each input variable in the decision-making process in the artificial 
intelligence model. For example, in a regression model, we can estimate the cause-and-effect impact of each charac-
teristic on the dependent variable and interpret the results of the Model prediction. 

Counterfactual analysis refers to another important method of cause-and-effect analysis. This type of analysis in-
volves asking questions such as "If the input variable changes, what will be the result of the artificial intelligence 
model?" The answers to these questions can apply counterfactual explanations to model decision making, which helps 
users understand the sensitivity of the model to different input variables. 

3.3 Causally-driven Explanation Generation Methods 

The method of generating cause-and-effect interpretation is based on the results of cause-and-effect modeling and 
analysis to create explanations in natural language that are understandable to humans. Complex cause-and-effect 
links and statistical information must be converted into brief explanatory content. 

Conventional methods use cause-and-effect factors defined by cause-and-effect models to generate explanations. 
For example, if a causal model shows that a particular medical test result is a key causal factor in the diagnosis of a 
disease, the method of generating an interpretation can use natural language to display information and explain to the 
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user that the diagnosis of the disease mainly follows from this test result, as well as to clarify the causality. the 
mechanism behind it. 

Explanations can also be created using pattern-based methods. The pattern is developed according to the architec-
ture of the cause-and-effect model, and then the corresponding cause-and-effect information is placed in it to build 
an interpretation in natural language. This method can not only provide consistency of explanation, but can also make 
it more readable. The results obtained by such operations have their unique value in the category of cause-and-effect 
interpretation. 

4. Application and Practice of Causal Reasoning-based AI Explainability Methods 

4.1 Analysis of Typical Application Scenarios 

4.1.1 Healthcare 
In medicine, artificial intelligence technologies are gradually being introduced for the diagnosis of diseases, the prep-
aration of treatment plans, and the preparation of forecasts. In this regard, it is extremely important to ensure the 
interpretability of artificial intelligence in the medical system. Doctors and patients must have sufficient insight into 
the causes of decisions made by artificial intelligence to ensure the safety and effectiveness of the treatment process. 
For example, in the medical diagnostic system of cancer using imaging, causal relationships can be used to identify 
key image characteristics that are causally associated with a diagnosis and provide an interpretation of why these 
characteristics are critical [2]. 

4.1.2 Finance 
The application of artificial intelligence in the financial sphere includes credit rating, risk assessment, and investment 
decision-making. In order to meet regulatory requirements and gain the trust of customers, the interpretability of the 
artificial intelligence system is a prerequisite. For example, the credit scoring model analyzes cause-and-effect factors 
that influence the assessment, such as the applicant's income, debt balance, and credit history, as well as explanations 
of how these factors determine the credit score. As shown in the following table: 

Table 4. Summary of the application of causal reasoning methods in typical application scenarios 

Domain AI assignment Causal inference 
method 

Explain the require-
ments 

Case studies 

Medical 
treatment 

Disease diagno-
sis/prognosis 

Causal graph iden-
tifies key image 

features and coun-
terfactual analysis 
of the effects of 
treatment plans 

Doctors / Patients need 
to address the rationale 
for the decision (e.g., 

"Why is a certain indi-
cator a key factor in 
cancer diagnosis?") 

In the risk prediction sys-
tem for cardiovascular dis-
ease, the direct causal ef-

fects of blood pressure and 
cholesterol were deter-

mined by causal effect esti-
mation 

Finance 
Credit scor-

ing/risk assess-
ment 

Cause analysis of 
the impact of in-
come, liabilities, 

and other factors on 
credit 

Compliance require-
ments (such as EU 

GDPR interpretative 
provisions), and user 

trust building 

In the credit scoring 
model, the causal path be-
tween "income level" and 
"credit rating" is explained 
to eliminate the interfer-
ence of irrelevant varia-

bles, such as gender 

4.1.3 Enterprise Management 
In the field of enterprise management, artificial intelligence is increasingly applied to core scenarios such as strategic 
decision-making, human resource management, and supply chain optimization. In this context, ensuring the explain-
ability of AI systems is crucial for improving management efficiency, reducing decision-making risks, and enhancing 
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trust between management and employees. Enterprises need to clarify the logic behind AI decisions to avoid man-
agement misjudgments or resource waste caused by the "black-box" nature of AI. 

4.2 Case Study of Practical Applications 

To test the effectiveness of the proposed method, a clinical trial was conducted in the field of Medicine. We have 
developed an AI-based system that uses patient data such as demographic information, medical history, and laboratory 
test results to predict cardiovascular disease risk.  

First, using a data-based cause-and-effect relationship detection algorithm, a cause-and-effect map is made based 
on the patient's data. This figure shows that variables such as age, blood pressure, and cholesterol levels are direct 
risk factors for cardiovascular disease, while other variables such as gender and smoking are indirectly related to 
these direct factors. 

Moreover, the importance of each causal factor is determined by the assessment of cause-and-effect relationships. 
The results showed that blood pressure has the most prominent impact on the risk of heart disease, followed by 
cholesterol levels and age. 

Finally, a pattern-based interpretation generation method is used that provides a natural language interpretation to 
predict the model. For specific patients, this explanation shows that the high risk of cardiovascular disease is due to 
hypertension factors. After all, hypertension has a significant cause-and-effect relationship with heart disease. At the 
same time, this also overlaps with relatively high cholesterol caused by a combination of various factors, such as age. 

4.3 Application Challenges and Coping Strategy 

Although the application of cause-and-effect methods to improve the interpretability of artificial intelligence has 
yielded certain results, it still faces many challenges and difficulties. Especially with the increase in the amount of 
data, causal modeling becomes increasingly complex to use. Algorithms may not be able to accurately construct a 
suitable cause-and-effect graph structure in complex input data sets, and at the same time, high computational costs 
have become an inevitable obstacle [3-5]. 

In addition, in some areas, there is a lack of prior knowledge. In these areas, which lack a priori knowledge, it is 
quite difficult to construct an exact cause-and-effect model based on knowledge and is limited by data processing 
conditions. Applying a data-based approach can lead to multiple false conclusions. 

Several strategies can be adopted to address these problems. Given the complexity of cause-and-effect modeling, 
efficient algorithms for detecting cause-and-effect relationships and the introduction of parallel computing technol-
ogy to reduce computational costs are expected to be developed. Due to a lack of prior knowledge, a combination of 
data-based and knowledge-based methods, limited prior knowledge can guide the causal modeling process, thus in-
creasing the accuracy of cause-and-effect models [6-8]. 

5. Conclusion 

5.1 Research Conclusions 

This article systematically explores methods for improving the interpretability of artificial intelligence through cause-
and-effect reasoning and establishes a theoretical link between the definition of the concept of association and cause-
and-effect reasoning and interpretability. Three main methods are proposed: causal modeling, causal analysis, and 
generating interpretability based on causal relationships, and their specific methods of application and application are 
discussed in detail. Case studies in typical application scenarios show that the effectiveness and practicality of these 
methods are well reflected. 

The study showed that integrating cause-and-effect connections into an artificial intelligence system can signifi-
cantly improve its interpretability. Causal modeling helps to understand the causal relationship underlying artificial 
intelligence decision-making. Causal analysis can quantify the causal effects of various variables, and a method of 
generating interpretations based on generating causal relationships allows people to get that information in a more 
understandable way. 

5.2 Research Limitations 

However, this study also has a number of limitations. First of all, the causal link detection algorithm used may not be 
able to accurately infer the causal link graph in all data processing scenarios, especially in the presence of unnoticed 
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variables that may lead to confusion. Secondly, the way to explain generation is still relatively simple and it can be 
difficult to solve very complex cause-and-effect relationships. Moreover, case studies are carried out in certain areas, 
and their versatility in other areas should be further checked. 

5.3 Future Research Prospects 

In future studies, we will try to eliminate existing limitations and advance in-depth research. The focus will be on 
developing more robust causal detection algorithms. In this process, unnoticeable confusing variables and multidi-
mensional data must be taken into account. Synchronous will also be promoted to improve the method of generating 
interpretations in order to increase its flexibility and obtain more complex explanations. In addition, we face the 
challenge of popularizing the method in various fields, at the same time conducting large empirical research as a key 
link to testing the universality of the method. 

In short, research into methods for improving the interpretability of artificial intelligence by cause-and-effect rela-
tionships is very important and has broad perspectives. Continuous research and innovation in this area enable to 
achieve the goals of transparency, comprehensibility and trust in artificial intelligence systems, meet the needs to 
promote healthy development of technology and promote its deeper integration with the real needs of real applications. 
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