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Abstract: Machine learning is widely recognised and extensively used for data
modelling and prediction across fields, including business and healthcare, to
name a few of them, for informed decision-making. Numerous machine
learning algorithms have been devised and deployed across multiple
programming languages throughout the preceding decades for causal inference
and discovery. This research, however, briefly introduces causal inference and
discovery methods, accompanied by Python code for beginners. First, this
study talks about machine learning in brief. Then, this study differentiates
between causal discovery and causal inference. Thirdly, the study aims to
describe popular machine-learning methods. Finally, this paper demonstrates
the practical uses of these causal inference and discovery packages in Python.
The study has recommended future research and implications for using
machine learning methods.
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1 Introduction

Since its inception, exploring the natural world has been a driving force behind human
understanding and knowledge. Specifically, the investigation into the origins of natural
events captivated several philosophers in ancient Greece (Nogueira et al., 2022).
In contemporary times, the investigation of causality encompasses several fields of
research to address inquiries related to the reasons behind phenomena. Over the last
several years, examining causal connections has also become an essential component of
the artificial intelligence (AI) field, including data scientists and machine learning
specialists.

In statistics and, lately, in machine learning, thoroughly examining the causal
mechanisms of those predicting various outcomes is of utmost importance for people,
professionals, and organisations. Usually, data engineers and scientists use future event
predictions by assuming the normality of the data using linear and non-linear regressions.
For example, structural equation modelling (SEM) can be used to predict how well a
company will do financially by adopting artificial intelligence. Business analysts can
explore the direct and mediating causal acyclic relationship between cause and effect. For
instance, a recent study tested the role of Al adoption for organisational resilience using
SEM, assuming that the data is normally distributed (Saleem et al., 2023). However, it is
worth noting that traditional linear regression (Scikit-Learn') and SEM (SEMOPY?) have
limitations in accurately estimating causality for the data without the symmetric and
bell-shaped pattern of the Gaussian properties (Shimizu et al., 2006, 2011). This is
because methods like SEM depend on the co-variance structure of the data and assume
that the dataset has a Gaussian or normal distribution (Shimizu, 2014). Therefore,
recently, a lot of new techniques have been put forward in the field of data science and
artificial intelligence for using the non-Gaussian features of data to figure out how
variables are related for better causal discovery because sometimes the data being used
does not fulfil the normality assumptions of regression during testing and training of
machines (Ikeuchi et al., 2023).

The study contributes in multiple ways. First, we have uniquely used machine
learning and Al methods with Python codes. Second, we have used examples from the
field of business to demonstrate the application of casual interference and Discovery to
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make it more applicable to address further calls for research and its application in
multiple studies (Wang et al., 2024a; Gupta and Sharma, 2023; Utkin and Zhuk, 2012).
Last but not least this research study implies that the field of data science and Al is still in
its infancy regarding business and other related fields. Therefore this study has
recommended future research in the last section of this paper.

The present study encompasses five primary aims. So, in Section 1, this study briefly
talks about machine learning and reviews causal discovery. Then, this study differentiates
between causal discovery and causal inference. Thirdly, this study describes a list of
popular machine-learning methods both for causal inference and discovery. Additionally,
this study demonstrates the practical uses of these causal discovery packages in Python.
Finally is the conclusion section along with future research recommendations.

2 Causal inference and discovery

Causality research may be broadly categorised into two primary branches: causal
discovery (CD) and causal inference (CI). The CD method primarily focuses on acquiring
causal information directly from observational data (Nogueira et al., 2022). At the same
time, the CI seeks to estimate the effect resulting from a modification of a specific
variable on an outcome of interest. In machine learning, causal inference should
determine cause-and-effect relationships between variables, not just correlation, as we
usually use beta values of independent variables in regression (Pearl, 1995). To predict
stock performance, causal factors should be identified as specific interventions that affect
outcomes (financial returns), not just statistical connections between market conditions
and financial returns. Thus, we can say that causal inference can help to make smarter
choices, take corrective action, and understand how independent variables could possibly
affect complex systems at their core (Pearl, 2010). However, the goal of causal discovery
in data science is to derive a causal structure or set of potential causal models from the
data available for testing and training (Kalainathan et al., 2020). To put it another way,
given a test dataset, data scientists should construct a causal model that adequately
represents the potential reality.’ Before proceeding further, let us clarify the difference
between causal inference and discovery. See Table 1, which is compiled based on the
latest study (Nogueira et al., 2022).

Table 1 Differences between causal inference and causal discovery

Comparison basis Causal inference (CI) Causal discovery (CD)

Definition The CI is the process of The CD is the task of identifying the
concluding causal relationships underlying causal structure among
based on observed data variables

Goal CI’s goal is to make valid and CD aims to uncover the causal
reliable statements about the relationships or dependencies between
causal effect of one variable on variables from observational data
another

Approach ClI relies on statistical methods, It involves algorithms and statistical
experimental design, and methods to identify patterns and
randomised controlled trials dependencies in data that suggest causal

relationships
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Table 1 Differences between causal inference and causal discovery (continued)
Comparison basis Causal inference (CI) Causal discovery (CD)
Data CI often requires controlled CD can work with observational and test
requirements experiments or interventions datasets, making it suitable for scenarios
where experiments are not feasible
Example In CI, an analyst may conduct a In CD, the job of a data scientist is to
randomised controlled trial to provide a machine-learning model using
assess digitalisation’s causal an algorithm to determine causality
effect on firm performance between temperature and tea sales using

test data, which can be learned over time,
and discover seasonal trends in selling
coffee

Source:  Authors Notes from review of Nogueira et al. (2022)

3 Machine learning methods

Causality has emerged as a valuable instrument for addressing certain constraints in
correlation-based machine learning systems. As a branch of artificial intelligence,
machine learning should include techniques, methods, and models to learn and make
predictions based on the test and training data to get the desired results (Hao and Ho,
2019). For example, the causal discovery model could help people make better decisions
(Kalainathan et al., 2020; Glymour et al., 2019). According to another study, causal
inference is the process of determining cause and effect that relies significantly on
creating a reference model that solidifies the knowledge obtained (Zanga et al., 2022). In
order to fulfil this requirement, causal discovery offers a range of techniques that can
retrieve a graphical representation of the underlying process by utilising both gathered
data and existing knowledge (Zanga et al., 2022). The causal discovery has diverse
implications in healthcare, government, stock markets, and multinational companies for
effective decision-making, avoiding future financial losses, and taking proactive
measures (Hao and Ho, 2019).

3.1 Acyclic and cyclic causal discovery

Closed loops or cycles generate cyclic causality. Events or factors may directly influence
each other or generate feedback loops where one event affects the initial events (Glymour
et al,, 2019). For instance, economic systems can exhibit cyclic causality. Take an
example of consumer spending, which will increase manufacturing, which then boosts
employment and income. Finally, with cyclic causality logic, the income growth of
consumers can boost consumer spending, producing a feedback loop.

If there are no loops or cycles in the cause-and-effect chain, the connection or system
is said to be acyclic (Glymour et al., 2019). Contrastingly, independent variables, factors,
or causes only affect other events in one direction without creating closed loops. Consider
a scenario. There are two major economic factors in a small town: ‘demand for housing’
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and ‘housing prices’. A causal one-direction or acyclic link can be observed because as
‘demand for housing’ rises, so do “housing prices”.

Over the last three decades, scholars have discussed essential causal discovery
methods (Malinsky and Danks, 2018). Most are being coded in Python as packages lately
(Glymour et al., 2019). These discovery methods range from score-based and constraint-
based methods (conditional independence) to those based on a broader category like
SEM, also called functional causality. First, a score-based method for finding causes is
called a constraint-based method (Spirtes, 2010). This includes greedy equivalence search
(GES). Then constraint-based approaches include PC (Peter and Clark)* and its
extensions, fast causal inference (FCI).” Finally, Linear Non-Gaussian Acyclic Model
(LINGAM), Post Nonlinear (PNL), and Additive Noise Model (ANM) belong to a
broader category of causal functionality like SEM. For modelling and analysing causal
links, we can also use graph libraries in Python. One of the libraries frequently utilised
for this purpose is NetworkX, which can perform analysis on both acyclic and cyclic
graphs (Vasiliauskaite et al., 2022).

4 Machine learning methods of causal inference and causal discovery

4.1 Using regression for causal inference

This section can be helpful for beginners to first apply the causal inference in Python
using simple regression in machine learning before we present the causal discovery
methods. Causal inference (CI) is a step-by-step process for concluding causal
relationships based on observed data (Shimizu, 2014; Utkin and Zhuk, 2012). Many
packages in Python can be used to implement CI using linear regression. However, for
this section, we have adopted scikit-learn.® The scikitlearn package provides multiple
options to apply linear regression. For instance, linear regression can be used in more
than a dozen ways in Python. This package includes Elastic Net, Huber Regressor,
Passive Aggressive Regressor, and many more. There are many other regressions, but
they are beyond the scope of this short review. For instance, Support Vector Regression,
Decision Tree Regression, K-Nearest Neighbours Regression, and Neural Network
Regression. This study has provided four sample codes available in Listings 1-4 for
machine learning beginners about regressions, including linear, Lasso, polynomial, and
Ridge. However, our key focus is to provide some coding examples of causal discovery
methods in machine learning covered in subsequent sections. Please note that these
examples are randomly generated for training and testing purposes. Table 2 summarises
the characteristics and use cases for four basic types of regression to help beginners
understand the potential application of simple regression in machine learning.

Moreover, Figure 1 shows the output of four types of regressions. The conventional
method of causal delivery is based on constraints and scores (Malinsky and Danks, 2018;
Glymour et al., 2019; Kalainathan et al., 2020). For instance, the PC algorithm, FCI, and
GES (Zanga et al., 2022).
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Table 2

41

Regression types, characteristics and use cases for causal inference

Regression type

Characteristics

Use case in business

Linear regression
(LR)

Polynomial
regression (PR)

Ridge regression
(RR)

Lasso regression

The LR assumes a linear
relationship between the features,
and data scientists can easily
interpret the results

The PR extends linear regression by
introducing polynomial features to
capture non-linear relationships

The RR introduces regularisation to
the LR by adding a penalty term to
the cost function to prevent
overfitting

LaR is another form of regularised
LR that uses L1 regularisation,
leading to sparse feature selection

LR can be used to predict sales
based on advertising spending or
estimate the price of a house based
on its features

PR can predict the number of defects
in a manufacturing process based on
certain factors

PR can help forecast stock prices
with multiple interrelated variables

LaR can predict customer churn in a
subscription-based service with
various features

Source:

Figure 1

Authors Notes

(see online version for colours)
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4.2 Peter-Clark algorithm

The Peter and Clark (PC) algorithm is one of the earliest algorithms that remains
consistent when subjected to independent and identically distributed (IID) sampling,
provided there are no latent confounders. There are four key assumptions for the PC
algorithm (Spirtes et al., 2000).

1  The Faithfulness Assumption states that the statistically independent correlations
found in the data accurately reflect the causal structure that exists. The Markov
Assumption states that in a causal graph, every variable is independent of its non-
descendants while considering its parents.

2 Algorithmic Markov Condition states that the method accurately detects conditional
independence relationships that align with the Markov assumption.

3 The technique employs statistical tests for conditional independence that effectively
ascertain the independence of variables when conditioned on another set of variables.

4 Absence of hidden variables: The algorithm operates under the assumption that there
are no unseen or hidden variables that exert an influence on the observed variables.

4.2.1 Application of PC algorithm for causal discovery in Python

The Peter and Clark (PC) algorithm initiates with a graph that has all possible
connections between nodes and thereafter executes a sequence of steps to eliminate
edges, relying on the independent structure of the network. Ultimately, it endeavours to
align a maximum number of edges. Referring to the first two CODE Listings 5 and 6, the
study has used the code to implement the impact of employee training and technology
adoption on the employees’ task performance. Then, the task performance of employees
results in organisational performance. The study used randomly generated data using
Python code, which results in the following output by following the steps presented in the
previous research (Glymour et al., 2019). Moreover, Figure 2 shows the production of the
Python code.

4.3 Non-Gaussian models

4.3.1 Linear non-Gaussian acyclic model for causal discovery

Non-Gaussian data has become more common in machine learning in recent years
because the data distribution may hold more information than the covariance matrix can
adequately show, and one of them is LiINGAM. The LiNGAM encompasses many
machine-learning techniques (Shimizu et al., 2006). This feature renders it a practical
toolkit for statisticians specialising in educational and behavioural research. LINGAM
stands for Linear Non-Gaussian Acyclic Model. It works by making certain assumptions
about the underlying structure of the data:

1 The data is linear, in that changes in one variable are directly proportional to changes
in another.

2 The data is non-Gaussian, in that it does not follow the normal/Gaussian distribution.

3 The data is acyclic, in that there are no cycles or loops in the causal relationships.
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Figure 2 PC algorithm (see online version for colours)

Tech. Adoption

4.3.2 Application of LINGAM package for causal discovery in Python

Developers have implemented non-Gaussian causal discovery techniques using
programming languages, including Python libraries, e.g., LINGAM.” This section
discusses the newly developed Python module designed for causal discovery called
LiNGAM and its essential functions.

4.3.3 Installation of LINGAM package

The data scientist needs to run the commands available in Listing 7 to install the
LiNGAM package in Python on the terminal using VScode or Jupyter Notebook: This
study has used official tutorials to introduce various models of LINGAM.® This study
used real-world and imaginary scenarios to understand acyclic causal discovery
effectively using dummy data.

4.3.4 Application of DirectLiNGAM in Python

The DirectLiNGAM approach estimates a causal order of variables by gradually
removing each independent component’s influence from the data provided in the machine
model (Shimizu et al., 2011). The number of steps required in the DirectLiINGAM to
finish this process is proportional to the number of variables considered in the model.
This study adopted a dataset in sociology from an older study (Shimizu et al., 2011).
Refer to the following figure to see the application of DirectLiINGAM to estimate a
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causal ordering of variables to predict Son’s income (refer to Listing to apply the code in
Python). The dataset had six observed variables, and matrix values were adopted from an
older study (Shimizu et al., 2011). According to the survey in the study of Shimizu et al.
(2011), al represents the father’s profession level, a2 represents the son’s income, a3
represents the father’s education, a4 represents the son’s occupation level, aSrepresents
the son’s education, and a6 represents the number of siblings. The sample selection was
carried out according to the following criteria:

o

individuals without experience in agriculture
b individuals between the ages of 35 and 44

¢ individuals of Caucasian ethnicity

d male individuals

e individuals who were actively employed or seeking employment at the time of the
survey

f individuals with complete data for all variables
g data collected between the years 1972 and 2006.

The size of the sample was 1380. Following is the output based on code (See Listing 8).
Referring to Figure 3, all of the directed edges estimated by DirectLiNGAM were
consistent with the domain knowledge, except for the directed edge from a5: son’s
education to a3: father’s education.

Figure 3 LiNGAM

Number of Siblings

B47.96

1645.45

Son Occupation

Son Income
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4.4 Other hybrid methods of causal discovery

4.4.1 Fast causal inference algorithm

The FCI method produces accurate results that are valid even when confounding factors
are present (Glymour et al., 2019). As stated earlier, the PC algorithm operates under the
assumption that there are no unobserved variables that could potentially influence both of
the measured variables (Spirtes et al., 2000; Glymour et al., 2019). Similar to the PC
algorithm, other versions of the FCI method exist. Mostly, FCI aims to enhance speed by
sacrificing some amount of information. One such example is the recursive fast causal
inference (RFCI) algorithm. The key library for testing the FCI algorithm and sample
code are available online.’

4.4.2 The greedy equivalence search

The GES algorithm differs from PC and FCI. (Glymour et al., 2019) The GES initially
uses an empty graph instead of a complete undirected graph (Chickering, 2002). The
GES then selectively adds necessary edges and subsequently systematically removes
unneeded edges. At each phase of the process, a choice is taken regarding whether to add
a directed edge to the graph based on its potential to increase the fit, which is quantified
by a quasi-Bayesian score like the Z-score, which is similar to a statistical hypothesis test.
Subsequently, the obtained model is associated with the matching Markov equivalence
class. Once the score can no longer be enhanced, the GES algorithm proceeds to evaluate
each edge individually to determine if removing it will result in the greatest improvement
in the score. This process continues until no more edges can be removed to enhance the
score further. An additional variation of the GES is the greedy fast causal inference
(GFCI) GFCI (Glymour et al., 2019). According to research, the GFCI is a composite of
GES and FCI. The GFCI method has demonstrated superior accuracy in numerous
simulations compared to the original FCI algorithm (Zanga et al., 2022). The key library
for testing the GES and sample code are available online.'

5 Conclusion and future research

This paper used Python codes to present causal inference, discovery theory, and
algorithms for beginners. There are four key contributions of this research. The first
contribution is to introduce the difference between causal inference and discovery. The
second contribution of this study is to present the literature review on the methods for
causal inference and discovery, including Linear regression, PC, FCI, LINGAM, and
GES. The top journals, like the Journal of Machine Learning, were reviewed to ensure
the quality of this study. Finally, this study provided listings of codes using popular
Python packages.

Overall, this provides a comprehensive literature review, and GitHub links two hybrid
types of causal discovery methods, i.e., GES and GFCI. Data scientists can look closer
and develop application codes for these causal discovery machine learning methods.
At the same time, machine learning scholars and artificial intelligence scholars can think
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about more applications and extensions of packages like LINGAM to address future calls
for further research (Zheng et al., 2024; Ikeuchi et al., 2023). For instance, lately, two
studies compared the healthcare systems of eight developed nations using Support Vector
Regression of machine learning (ML) methods as the latest applications (Wang et al.,
2024a, 2024b). Moreover, the bibliometric analysis of supervised deep learning for the
field of psychology and related fields is recommended (Gupta and Sharma, 2023; Uddin
and Chowdhury, 2024). Finally, Old classical methods of ML-like logic regression can be
reviewed using Python and other ML languages for data science and artificial
intelligence.
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Appendix A: Python codes listings for paper

Listing 1 Python code for simple linear regression using scikit-learn (see online version
for colours)

1 import numpy as np

2 import matplotlib.pyplot as plt

3 from sklearn.model_selection import train test split

4 from sklearn.linear model import LinearRegression

5 from sklearn.metrics import mean_squared_error

6

7 # Generate synthetic data

8 np.random.seed (42)

9 X = 6 * np.random.rand (100, 1)

10 y =3+ 2 * X + np.random.randn (100, 1)

11

12 # Split the data into training and testing sets

13 X _ train, X test, y train, y test = train_test_split(X, vy,
test_size=0.2, random_state=42)

14

15 # Linear Regression

16 try:

17 linear _model = LinearRegression ()

18 linear _model.fit (X_train, y train)

19 y_pred linear = linear model.predict (X_test)

20 mse_linear = mean_ squared error (y_ test, y pred linear)

21

22 # Visualize the linear regression line

23 plt.scatter (X test, y test, color='black',6 label='Actual Data')

24 plt.plot (X _test, y pred linear, color='blue',6 linewidth=3,

label=f'Linear Regression (MSE: {mse linear:.2f})"')

25

26 # Plot settings

27 plt.title('Linear Regression')

28 plt.xlabel ('X")

29 plt.ylabel('y"')

30 plt.legend ()

31 plt.show ()

32 except Exception as e:
33 print (£"Linear Regression Error: {e}")
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Listing 2 Python code for lasso regression using scikit-learn (see online version for colours)

1 import numpy as np

2 import matplotlib.pyplot as plt

3  from sklearn.model selection import train test split
4 from sklearn.linear model import Lasso

5 from sklearn.metrics import mean_ squared_error

6
7
8

# Generate synthetic data
np.random. seed (42)

9 X = 6 * np.random.rand (100, 1)

10 y =3+ 2 * X + 1.5 * X**2 + np.random.randn (100, 1)

11

12 # Split the data into training and testing sets

13 X train, X test, y train, y test = train_ test split(X, vy,
test_size=0.2, random_state=42)

14

15 # Lasso Regression

16 try:

17 lasso_model = Lasso(alpha=0.1)

18 lasso_model.fit (X_train, y train)

19 y_pred_lasso = lasso_model.predict (X test)

20 mse_lasso = mean squared error (y_test, y pred lasso)

21

22 # Visualize the lasso regression line

23 plt.scatter (X test, y test, color='black', label='Actual Data')

24 plt.plot (X test, y pred lasso, color='orange', linewidth=3,
label=f'Lasso Regression (MSE: {mse lasso:.2f})')

25

26 # Plot settings

27 plt.title('Lasso Regression')

28 plt.xlabel ('X")

29 plt.ylabel('y")

30 plt.legend()

31 plt.show ()

32 except Exception as e:
33 print (£"Lasso Regression Error: {e}")
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Listing 3 Python code for ridge regression using scikit-learn (see online version for colours)

1 import numpy as np

2 import matplotlib.pyplot as plt

3  from sklearn.model selection import train test split

4 from sklearn.linear model import Ridge

5 from sklearn.preprocessing import PolynomialFeatures

6 from sklearn.pipeline import make pipeline

7 from sklearn.metrics import mean_squared_error

8

9 # Generate synthetic data

10 np.random.seed(42)

11 X = 6 * np.random.rand (100, 1)

12 y =3+ 2 * X + 1.5 * X**2 + np.random.randn (100, 1)

13

14 # Split the data into training and testing sets

15 X train, X test, y train, y test = train test split (X, y, test_size
=0.2, random state=42)

16

17 # Ridge Regression

18 try:

19 alpha = 1.0 # You can adjust the regularization strength

20 ridge_model = Ridge (alpha=alpha)

21 ridge model.fit (X train, y train)

22 y_pred ridge = ridge model.predict (X test)

23 mse_ridge = mean squared error (y_test, y pred ridge)

24

25 # Visualize the ridge regression line

26 plt.scatter (X test, y_ test, color='black', label='Actual Data')

27 plt.plot (X test, y pred ridge, color='green', linewidth=3,

label=f'Ridge Regression (MSE: {mse ridge:.2f})"')

28

29 # Plot settings

30 plt.title('Ridge Regression')

31 plt.xlabel ('X")

32 plt.ylabel('y")

33 plt.legend()

34 plt.show ()

35 except Exception as e:
36 print (E"Ridge Regression Error: {e}")
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Listing 4 Python code for polynomial regression using scikit-learn (see online version
for colours)

1 import numpy as np

2 import matplotlib.pyplot as plt

3 from sklearn.model_ selection import train test split

4 from sklearn.linear model import LinearRegression

5 from sklearn.preprocessing import PolynomialFeatures

6 from sklearn.pipeline import make pipeline

7 from sklearn.metrics import mean squared error

8

9 # Generate synthetic data

10 np.random.seed(42)

11 X = 6 * np.random.rand (100, 1)

12 y =3+ 2 * X + 1.5 * X**2 + np.random.randn (100, 1)

13

14 # Split the data into training and testing sets

15 X train, X test, y train, y test = train test split(X, vy,
test size=0.2, random state=42)

16

17 # Polynomial Regression

18 try:

19 degree = 2 # You can adjust the degree of the polynomial

20 poly model = make pipeline (PolynomialFeatures (degree),

21 LinearRegression())

22 poly model.fit (X train, y train)

23 y_pred poly = poly model.predict (X_test)

24 mse poly = mean squared error(y test, y pred poly)

25

26 # Visualize the polynomial regression line

27 plt.scatter (X test, y test, color='black', label='Actual Data')

plt.plot (X_test, y pred poly, color='red', linewidth=3,

28 label=f'Polynomial Regression (MSE: {mse poly:.2£f})")

29

30 # Plot settings

31 plt.title('Polynomial Regression')

32 plt.xlabel ('X")

33 plt.ylabel ('y")

34 plt.legend()

35 plt.show ()

36 except Exception as e:
print (£"Polynomial Regression Error: {e}")

Listing 5 Installation of packages to run PC algorithm (see online version for colours)

$ pip install numpy networkx ges gcastle==1.0.3rc3 matplotlib torch
# Python 3.7.9 or earlier is required to use the Torch package and run
the PC algorithm code
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Listing 6 Python code for PC algorithm (see online version for colours)

1 import os

2 os.environ['CASTLE BACKEND'] = 'pytorch'

3

4  from collections import OrderedDict

5 import warnings

6 import numpy as np

7 import networkx as nx

8 import ges

9 from castle.common import GraphDAG

10 from castle.metrics import MetricsDAG

11 from castle.datasets import IIDSimulation, DAG

12  from castle.algorithms import PC, ICALiNGAM, GOLEM
13  import matplotlib.pyplot as plt

14

15 warnings.simplefilter('ignore')

16 def get n undirected(g) :

17 total = 0

18 for i in range (g.shape[0]) :

19 for j in range(g.shape([0]) :
20 if (gli, jl == 1) and (gli, j]l == glj, il):
21 total += .5
23 return total
24
25 # Let's implement this PC structure using an example from the field of

business using dummy data
26  training = np.random.randn(1000)
27 tech_adoption = np.random.randn(1000)
28 task perf = training + tech _adoption + .1 * np.random.randn(1000)
29 org perf = .7 * task perf + .1 * np.random.randn(1000)
30 pc = PC()
31 pc.learn(pc_dataset)
32
33 # Get learned graph
34 learned graph = nx.DiGraph(pc.causal matrix)

35
36 # Relabel the nodes
37 MAPPING = {(k: v for k, v in zip(range(4), ['Training', 'Tech.

Adoption', 'Task Perf.', 'Org. Perf.'])}
38 learned graph = nx.relabel nodes (learned graph, MAPPING, copy=True)
39
40 # Position nodes on graph pos = {
)

41 "Training" : np.array ([0, 11),

42 "Tech. Adoption" : np.array ([0, -11),
43 "Task Perf." : np.array([1l, 0]),

44 "Org. Perf." : np.array([2, 0])

a5}

46

47 # Plot the PC Node graph
48 nx.draw (

49 learned_graph,

50 pos=pos,

51 with labels=True,
52 node_ size=3000,

53 font_size=7,

54 font_color='white'

55 )
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Listing 7 Installation of LINGAM package (see online version for colours)

$ pip install lingam
$ pip install numpy
$ pip install pandas

Listing 8 Python code for DirectLiNGAM (see online version for colours)
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import numpy as np

import pandas as pd

import graphviz

import lingam

from lingam.utils import make dot

# Adjacency matriX
m = np.array ([

[0.0, 0.0, 3.19, 0.10, 0.41, 0.21],
[33.48, 0.0, 452.0, 422.87, 1645.45, 347.96],
[0.0, 0.0, 0.0, 0.0, 0.55, -0.18],
[0.0, 0.0, 0.17, 0.0, 4.61, -0.19],
[0.0, 0.0,0.0, 0.0, 0.0, -0.121,
[0.0, 0.0, 0.0, 0.0, 0.0, 0.0]
1)
11 = ['Father Occupation', 'Son Income', 'Father Education', 'Son

Occupation', 'Son Education', 'Number of Siblings']
model = lingam.DirectLiNGAM ()
dot = make_dot (m, labels=11)

# Save png
dot.format = 'png'
dot.render ('dag')
dot
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