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Abstract—In data science education, the importance of learn-
ing to solve real-world problems has been argued. However, there
are two issues with this approach: (1) it is very costly to prepare
multiple real-world problems (using real data) according to the
learning objectives, and (2) the learner must suddenly tackle
complex real-world problems immediately after learning from
a textbook using ideal data. To solve these issues, this paper
proposes data science teaching material that uses agent-based
simulation (ABS). The proposed teaching material consists of an
ABS model and an ABS story. To solve issue 1, the scenario of
the problem can be changed according to the learning objectives
by setting the appropriate parameters of the ABS model. To
solve issue 2, the difficulty level of the tasks can be adjusted by
changing the description in the ABS story. We show that, by
using this teaching material, the learner can simulate the typical
tasks performed by a data scientist in a step-by-step manner
(causal inference, data understanding, hypothesis building, data
collection, data wrangling, data analysis, and hypothesis testing).
The teaching material described in this paper focuses on causal
inference as the learning objectives and infectious diseases as the
model theme for ABS, but ABS is used as a model to reproduce
many types of social phenomena, and its range of expression is
extremely wide. Therefore, we expect that the proposed teaching
material will inspire the construction of teaching material for
various objectives in data science education.

Index Terms—data science education, causal inference, agent-
based simulation, COVID-19

I. INTRODUCTION

Data science is one of the fields that have attracted the

most attention in recent years. As the popularity of data

science has increased, so too has the need for educational

methods, and many curricula and learning methods have been

proposed and implemented. For example, the curriculum of

“Data 8: The Foundations of Data Science” (University of

California, Berkeley) covers three topics: inferential thinking,

computational thinking, and relevance to the real world [1].

The curriculum teaches key concepts and related skills in com-

puter programming and statistical inference through hands-on

analysis of real-world datasets, including economic data, text

data, geographic data, and social network data.

In classical data science education, lessons were based

mainly on textbooks [2]. In such lessons, the learner learned

how to apply ideal methods to ideal data and obtain ideal

results [2]. More recently, data science education has em-

phasized the importance of real-world problems [3]. The aim

is to enable learners to experience the tasks performed by a

data scientist, including data collection, organization, analysis,

and decision making, by working on real-world problems. In

contrast to textbook problems, real-world problems require

learners to start processing data from the data generation

stage. Learners are required to read the background informa-

tion about the data, deepen their understanding of the data,

construct hypotheses, collect data according to the hypotheses,

perform preprocessing, and analyze the data.

This real-world approach to learning presents two chal-

lenges. The first (issue 1) is that it is very costly to prepare

multiple real-world problems (using real data) according to

the learning objectives. For example, Hick et al. created data

science case material using real data, but they pointed out that

finding appropriate data incurs a major cost [3]. In addition,

there are curricula in which learners work on data collection,

but these curricula are limited to data that learners can access,

such as data on familiar phenomena collected using sensors

[4] or scraped from Web resources [5].

The second issue (issue 2) is the gap between textbook

problems and real-world problems. Textbook problems con-

tain ideal data that satisfy the learning objectives. However,

because of the difficulty of obtaining data on real-world

problems, it is difficult to match the real-world data to the

learning objectives, and it is difficult to facilitate learning

by changing the learning objectives in a step-by-step manner.

Therefore, immediately after learning from the textbook using

ideal data, the learner suddenly needs to work with complex

real-world data.

In this paper, we propose data science teaching material

that uses agent-based simulation (ABS). ABS is a simulation

method that uses autonomous decision makers called agents

[6]. Objects modeled as agents include humans, animals,

automobiles, organizations, and many others.

The proposed teaching material asks the learner to solve

problems in a world constructed with ABS. The proposed

teaching material comprises an ABS story and data generated

by the ABS model. An ABS story comprises text that describes

enough content for the reader (learner) to infer the connections

between the elements of the ABS model. The learner reads the

ABS story, understands the worldview of ABS, analyzes the

data generated by the ABS model, and solves problems in the

world of ABS. In this manner, the learner learns the essential

concepts of data science.

The ABS world can be adjusted to the worldview that

matches the learning objectives by changing the specifications

http://arxiv.org/abs/2306.01764v1


and parameters of the ABS model. We exploit this characteris-

tic to attempt to address issue 1. Furthermore, by changing the

content of the ABS story, we can change the difficulty level

at which the learner understands the ABS worldview. This is

how we attempt to address issue 2.

In data science, it is necessary to learn multiple ways of

thinking and many analytical methods. This paper focuses

on the causal inference between these ways of thinking and

analytical methods.

In the remainder of the paper, Section II describes causal

inference, Section III describes the proposed teaching material,

Section IV describes the details of the ABS model, Section V

describes the ABS story and data generated by the ABS model,

Section VI describes the educational approach that uses the

proposed teaching material, Section VII discusses the use of

the proposed teaching material, and Section VIII presents our

conclusion.

II. CAUSAL INFERENCE

There are two approaches to causal inference: those of Pearl

and Rubin [6], [7]. For our proposed teaching material, we

adopted Pearl’s causal diagrams because of their visual clarity.

The basic learning items in causal inference include the

mediator, confounder, and collider [7], [8]. Fig. 1 shows their

corresponding causal diagrams for an example in which there

is causality from X to Y.

A mediator is a factor that is influenced by X and influences

Y, as shown in Fig. 1(a). For example, if we consider the effect

of exercise (X) on lung cancer incidence (Y), immune function

is the mediator. This is because it is thought that exercise

improves immune function and immune function decreases the

incidence of lung cancer. Therefore, if the data are separated

by the level of immune function (the mediator), the direct

effect of exercise (X) on lung cancer incidence (Y) may be

estimated inaccurately.

A confounder is a factor that affects both X and Y in Fig.

1(b). For example, if we consider the effect of exercise (X) on

lung cancer incidence (Y), smoking is the confounder. This is

because it is thought that the incidence of lung cancer increases

and exercise declines in smokers. Therefore, separating the

data by smoking (the confounder) may result in the discovery

of a false relationship between exercise and lung cancer

incidence.

A collider is a factor that is influenced by both X and Y

in Fig. 1(c). For example, when considering the effect of shift

work (X) on obstructive sleep apnea (Y), sleepiness is the

collider. This is because the presence of shift work and the

presence of obstructive sleep apnea may increase sleepiness.

Therefore, separating the data by the presence or absence of

sleepiness (the collider) may result in the discovery of a false

relationship between shift work and obstructive sleep apnea.

In causal inference, it is necessary to draw causal diagrams

appropriately, discover the mediator, confounder, and collider,

and process them appropriately. In the proposed teaching ma-

terial, the learner first understands the world of ABS and then
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(Y)
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Exercise

(X)

Lung Cancer

(Y)

Immune function
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Obstructive sleep apnea
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(a) (b)

(c)

Fig. 1. Sample causal diagrams (modified from [8]).
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Fig. 2. Overview of the proposed teaching material.

learns how to discover and process the mediator, confounder,

and collider while drawing the causal diagrams.

III. PROPOSED TEACHING MATERIAL

In this paper, we propose data science teaching material in

which scenarios and difficulty levels can be changed according

to the learning objectives. The proposed teaching material

consists of an ABS model and an ABS story (Fig. 2).

We adopt infectious diseases as the modeling target of ABS.

This is because we believe that learners have some knowledge

of this subject as a consequence of the recent epidemic of

COVID-19.

The learner is given the ABS story and the data generated by

the ABS model. The learner then conducts a causal inference

task to determine whether certain factors affect the probability

of infection in the ABS world. The specific ABS parameters

given to the learner are modified according to their learning

objectives (i.e., whether they are learning to be a mediator,

confounder, or collider).

IV. ODD PROTOCOL

The ODD protocol is a method proposed by Grimm to

describe ABS specifications and to ensure the reproducibility

of ABS [9]. The ODD protocol contains Overview, Design

concepts, and Details items. The Overview item contains three

sub-items: Purpose, State variables and scales, and Process

overview and scheduling. The Details item contains three sub-

items: Initialization, Input, and Submodels. Because of space

limitation, only some excerpts of the specifications are shown

below.
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Fig. 3. Infection state transition diagram.

TABLE I
STATE VARIABLES

Agent Variables

simulation
manager

coordinates, adult list, child list, home list, restaurant
list, workplace list, hospital list, probability of infection
at home, probability of infection at work, probability of
infection at school, probability of infection at restaurant

adult name, home, workplace, height, weight, age, sex, ac-
cination status, probability of visiting restaurants on
weekdays

child name, home, school, height, weight, age, sex

home name,latitude, longitude

workplace name, latitude, longitude

school name, latitude, longitude, online class status

restaurant name, latitude, longitude, number of seats, short business
hours status

hospital name, latitude, longitude, number of beds

A. Overview

This model is set in Kanazawa-ku, Yokohama City, Kana-

gawa Prefecture, where the author’s university is located. The

reason for this is that the model is used in a class for students

of the author’s university, so this setting makes it easy for them

to construct their own worldview. The agents in this model are

adults and children, and their whereabouts are their homes,

workplaces, schools, restaurants, and hospitals. Adults and

children may become infected with infectious diseases as they

move between their homes, workplaces, schools, restaurants,

and hospitals. The results of a 200-day simulation of the

infection process are output and used as data.

1) Purpose: The objectives of this model are

• to reproduce the process of spreading an infectious dis-

ease;

• to modify parameters to match the model causality to the

learning objectives;

• to ensure that the model has a view of the world in which

learners can naturally immerse themselves;

• but not to faithfully reproduce real phenomena.

2) State variables and scales: The state variables of the

model are shown in Table I. To define the scale, one time step

represents one hour.

3) Process overview and scheduling: The ABS model

simulates 200 days from 7 July 2022 to 22 January 2023.

Adults and children are evaluated every hour for location and

infection. They move to their homes, workplaces, schools, and

restaurants according to the mobility algorithm (detailed in

Section IV-C3). The mobility algorithm uses the concept of

weekdays and holidays, where holidays include Saturdays and

Sundays in addition to Japanese holidays.

According to the infection algorithm (details of which are

presented in Section IV-C3), infection occurs stochastically.

4) Design Concepts:

5) Emergence: Infectious diseases spread between adults

and children under the influence of various factors. Adults and

children may be infected when they spend time in the same

place as an infected person. The probability of infection de-

pends on vaccination status, age, and place (home, workplace,

school, or restaurant).

6) Interaction: Adults and children are considered to be in

contact if they spend time in the same place. If a person has

contact with an infected person, he or she is probabilistically

infected.

7) Stochasticity: The following elements are determined

stochastically.

• Whether adults and children are infected when they come

into contact with infected persons.

• Numbers of exposure days, asymptomatic days, days with

minor symptoms, and days with severe symptoms.

• Transitions from exposed to asymptomatic, minor symp-

toms, and severe symptoms.

• Transitions from severe symptoms to dead or recovered.

• Whether to visit a restaurant.

• Who will visit a restaurant if there are more adults or

children than available seats.

• Who will be admitted to a hospital if there are more adults

or children than beds in the hospital.

8) Details: Various parameters need to be set for initial-

ization and input. Because of space limitations, this section

focuses on the parameters that should be set according to the

learning objectives (i.e., whether the confounder, mediator, or

collider is to be learned).

9) Initialization: One adult is randomly selected and set to

the exposed state. The other adults and children are set to the

susceptible state.

Initially, there are 62,500 adults, 10,000 children, 50,000

homes, 500 workplaces, 100 restaurants, 7 hospitals, and 22

schools. The workplaces, homes, and restaurants are randomly

placed at locations (latitudes and longitudes) in Kanazawa-

ku, Yokohama City, Kanagawa Prefecture. The names and

locations of hospitals and schools are set to those of the actual

hospitals and schools in the area.

In addition to the above settings, there are other settings

that depend on the scenario to be given to the learner. These

are described in Section V.

10) Input: The external data are the location (latitude

and longitude) of Kanazawa-ku, Yokohama City, Kanagawa

Prefecture, and the names and locations of hospitals and

schools located in the ward.

11) Submodels:



TABLE II
WEEKDAY FLOW

Time Adult Child

0:00–9:00 home home

9:00–12:00 workplace school

12:00-13:00 restaurant or workplace school

13:00–17:00 workplace school

17:00–21:00 restaurant or home home

21:00–24:00 home home

TABLE III
HOLIDAY FLOW

Time Adult Child

0:00–12:00 home home

12:00-13:00 restaurant or home restaurant or home

13:00–17:00 workplace school

17:00–21:00 restaurant or home restaurant or home

21:00–24:00 home home

12) Migration algorithm: Adults move from place to place

according to the schedule presented in Tables II and III. Adults

visit restaurants in a stochastic manner. On weekdays, they

visit a restaurant near their workplace, and on weekends, they

visit a restaurant near their home. If a restaurant is full, the

second-nearest restaurant is selected. If that restaurant is full,

the third- nearest is selected. If the third-nearest restaurant is

full, they stays at workplace or home. Children also move from

place to place according to the schedule presented in Tables

II and III. On holidays, children follow adults who live with

them when the adults go to a restaurant.

Restaurants have a “short business hours” status, which

determines whether they have short hours. If a restaurant

has short hours, adults and children are unable to visit the

restaurant during the hours when it is closed. Schools have an

“online class” status, which determines whether online classes

are offered. If online classes are offered, children study at

home.

13) Infection algorithm: Adults and children change their

infection status according to the state transition diagram of

Fig. 3. The initial infection state is susceptible. When infected,

the infection state changes to pre-exposed. On the following

day, the state changes to exposed. After several more days, it

transitions to either asymptomatic, minor symptoms, or severe

symptoms in a stochastic manner. In the case of asymptomatic

or minor symptoms, the patient transitions to the recovered

state after several days. Several days later, a patient with

severe symptoms probabilistically transitions to either dead

or recovered.

Probability of infection =

1− (1− α)β × (
age

10
)3×γ

× (
1

10
)δ (1)

Adults and children are infected stochastically if they spend

time in the same place as an adult or child who is in the

exposed, asymptomatic, minor symptoms, or severe symptoms

state. Infection is determined on an hourly basis. The infection

Age
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(Y)

Restaurant

(Mediator)

Age

(X)

Vaccination

(Y)

Infection

(Collider)

Restaurant

(X)

Infection

(Y)

Region 

(Confounder)

School

(Z)

(a) (b)

(c)

Fig. 4. Causality diagram used in the teaching material, comprising (a) a
mediator, (b) a confounder, and (c) a collider for the causality from X to Y.
The dashed arrows do not represent real causal relationships.

probability for each hour is determined by (1). Here, α is the

probability of infection at each place for each home, school,

workplace, and restaurant, β is the number of infected people

at that location, γ is a parameter that determines how the

infection probability increases with age, and δ is a parameter

that determines the vaccination status; δ is 1 if the vaccine has

been administered and 0 otherwise.

The overall probability of infection depends on the proba-

bility of infection at each place α. If β (the number of infected

people at that location) is large, the probability of infection is

high. If γ is set to 0, there is no relationship between age and

the probability of infection. However, if γ is greater than 0, the

probability of infection increases with age. If the person has

been vaccinated, δ is set to 1 and the probability of infection

is less than it is if δ is set to 0.

If a patient is infected but has minor symptoms, he or she

stays at home and does not go to work, school, or restaurants.

If the patient has severe symptoms, he or she is admitted to

a hospital close to home. If the hospital is full, the second-

nearest hospital is selected. If that hospital is full, the third-

nearest is selected. If the third-nearest hospital is full, the

patient stays at home.

V. MATERIAL GIVEN TO LEARNERS

The learner is given an ABS story and the data generated

by the ABS model.

A. ABS Story

In contrast to ODDs, an ABS story does not describe all

the specifications of ABS. It describes enough for the reader

(learner) to infer the connections between the elements of

the ABS model. After reading these descriptions, the learner

formulates hypotheses about cause-and-effect relationships

between the elements. The ease of discovering causal rela-

tionships, and hence the level of the task, can be adjusted by

changing the description in the ABS story.



The ABS story in the proposed teaching material is pre-

sented below and the method of level adjustment is described

in Section VI.

You will work on causal inference of an infectious disease

outbreak in a virtual world. The setting of the virtual world is

Kanazawa-ku, Yokohama City, Kanagawa Prefecture. This is a

closed world: people do not come and go from other areas. We

will provide you with data for 200 days from 7 July 2022 to

22 January 2023, and you will be asked to analyze the factors

that affect the infectious disease.

Two types of people appear in the virtual world: adults

and children. Infectious diseases spread as adults and chil-

dren move back and forth between their homes, workplaces,

schools, and restaurants.

Each adult and child has a home where they live, work, and

go to school. On holidays, both work and school are closed.

They may visit restaurants for lunch or dinner. The extent

to which they use restaurants varies from person to person.

They choose restaurants that are as close as possible to their

workplace or home.

Schools may offer online classes as a response to infectious

diseases. There are three statuses of online classes. At status

ZERO, all classes are face-to-face. At status ONE, there are

face-to-face classes in the mornings and online classes in the

afternoons. At status TWO, classes are entirely online.

Restaurants may also open for shorter hours as a measure

to cope with infectious diseases. At status ZERO, restaurants

are open all hours. At status ONE, they open only at noon. At

status TWO, they remain entirely closed.

The changes in status when adults and children are infected

with an infectious disease are shown in Fig. 3. The initial

state is the susceptible state. When an adult or child becomes

infected, the infection state changes to pre-exposed. On the

following day, it changes to exposed. After a few days,

it transitions to asymptomatic, minor symptoms, or severe

symptoms. In severe cases, death may occur after a few more

days.

Adults and children may be exposed or asymptomatic; in

both of these cases, they are unaware that they are infected

and go about their daily routines as usual. In the case of minor

symptoms, the patient may notice that he or she is infected

and may miss work or school. In the case of severe symptoms,

hospitalization is required. Patients try to be admitted to a

hospital as close as possible to their home, but the number of

beds is limited, so hospitalization is not always possible.

It is known that a person can be infected when an infected

person is in the same space as him or her. The states in which

a person can infect others are exposed, asymptomatic, minor

symptoms, and severe symptoms. The probability of infection

may vary, depending on various characteristics of the infecting

person and the location where the infection occurs.

B. Data Generated by ABS Model

The data generated by the ABS model consist of 11 tables.

Only some of the ABS data are included, namely the data

TABLE IV
STATE VARIABLES

Table name Variables

adult information name, home, vaccination, workplace,
nearest restaurant to workplace, second-
nearest restaurant to workplace, third-
nearest restaurant to workplace, age, sex,
height, weight

child information name, home, school, age, sex, height,
weight

home information name, latitude, longitude, nearest hospital
to home, second-nearest hospital to home,
third-nearest hospital to home, nearest
restaurant to home, second-nearest restau-
rant to home, third-nearest restaurant to
home

workplace information name, latitude, longitude, number of em-
ployees

restaurant information name, latitude, longitude, number of seats,
short business hours status

school information name, latitude, longitude, online class status

hospital information name, latitude, longitude, number of beds

infection status of adult date, infection status of each adult

infection status of child date, infection status of each child

adult place date, hour, place of each adult

ahild place date, hour, place of each child

that are necessary for learners to address the tasks given in

the scenarios described in Section VI.

Table IV shows the details of the given data. The informa-

tion tables for adults, children, homes, workplaces, schools,

restaurants, and hospitals contain the relevant attribute infor-

mation. The infection status tables for adults and children

contain information on the infection status of individual adults

and children, respectively. The place tables for adults and

children contain the place for each hour of individual adults

and children, respectively.

VI. EDUCATIONAL METHODS USING MODELS

By adjusting the parameters of the model, the instructor

constructs scenarios that are tailored to the learning objectives.

In addition, the ease of making causal hypotheses from the

ABS stories can be adjusted by changing the wording of these

stories. The learning objectives of the examples presented

in this paper are the mediator, confounder, and collider, and

scenarios for each of them are described below.

In each scenario, the learner is given a task to perform.

While working on the task, the learner is expected to be-

come aware of the existence of the mediator, confounder,

and collider, and is expected to learn how to handle them

appropriately. The scenarios are designed on the assumption

that the learners have learned the basics of causal inference in

advance.

A. Mediator-Focused Scenarios

Here we present a scenario that focuses on the mediator.

In this scenario, the learner is asked the question, “Does age

increase the likelihood of infection?” In this scenario, the

probability of visiting a restaurant is set to decrease as the

age of the adult increases, and γ is not set to 0 in (1). This
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Fig. 5. Probability of infection by age group.

is a hypothetical scenario in which adults gradually become

less likely to visit restaurants as they become older and the

infection probability does not increase with age.

A causal diagram that relates age, restaurant visiting, and

infection probability is shown in Fig. 4(a). Because the

probability of visiting a restaurant decreases with increasing

age, an arrow is drawn from age to restaurant. In addition,

because visiting a restaurant increases the chance of contact

with others, an arrow is drawn from restaurant to infection.

There is only a dashed arrow from age to infection.

Fig. 4(a) shows that age does not directly increase the

susceptibility to infection; instead, it increases it indirectly

by mediating restaurant visits. That is, restaurant visits play

a mediator role in the causal relationship between age and

infection.

To adjust the level of the ABS story, we can replace “The

extent to which they use restaurants varies from person to per-

son” by “The frequency of restaurant visits varies with age.”

Alternatively, we can insert “People who go out frequently are

more likely to encounter an infected person” after “It is known

that a person can be infected when an infected person is in the

same space as him or her.” These added sentences encourage

the learner to discover the causal path of the mediator in Fig.

4(a).

When the probability of infection was calculated for each

age group, the results are as shown in Fig. 5, and it appears as

if age decreases the probability of infection. However, when

stratified by the number of times per week that restaurants are

visited, the results are as shown in Fig. 6. This indicates that

the frequency of restaurant visits, rather than age, increases

the probability of infection.

B. Confounder-Focused Scenarios

Here, we present a scenario that focuses on the confounder.

In this scenario, the learner is asked the question, “Does lim-

iting the opening hours of a restaurant reduce the probability

of infection?” In this scenario, Kanazawa-ku is divided into

several regions. For each region, the short business hours

status of restaurants and the online class status of schools

are positively correlated: For example, in one area, restaurants

have high short business hour status and schools have high

online class status. Furthermore, the α of restaurants (the
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Fig. 6. Probability of infection by age group and frequency of restaurant
visits.

probability of infection at restaurant) is set to 0 in (1). This

is a hypothetical scenario in which each region has its own

policy for short business hours at restaurants and online classes

at schools: as the status of alertness for infectious diseases

increases, the region increasingly forces restaurants to shorten

business hours and schools to offer online classes. In addition,

if adults or children visit a restaurant, the probability of

infection is 0.

A causal diagram that relates region, restaurant visiting,

school online class status, and infection probability is shown

in Fig. 4(b). Because each region has a different policy on

restaurant hours and school online classes, arrows are drawn

from region to restaurant and school. In addition, because a

longer time spent at school leads to more opportunities for

contact with others, an arrow is drawn from school to infection.

Conversely, no arrow is drawn from restaurant to infection

because the probability of infection in restaurants is set to 0.

Fig. 4(b) shows that restaurant hours have no direct effect

on infection. However, because the region influences both the

business hours of restaurants and the online class status of

schools, there is an apparent causal effect from restaurants to

infection. The region plays the role of a confounder in the

causal relationship between restaurant visits and infection.

To adjust the level of the ABS story, we can insert “It should

be noted that each region seems to have its own measures to

control infectious diseases in restaurants and schools” or “In

addition, measures to prevent infectious diseases in restaurants

and schools exist in each region. It appears that the more aware

people are of the infectious disease crisis, the more likely they

are to shorten the business hours of restaurants and face-to-

face classes at schools” after “After a few days, it transitions

to asymptomatic, minor symptoms, or severe symptoms. In

severe cases, death may occur after a few more days.” These

added sentences encourage the learner to discover the causal

path of the confounder in Fig. 4(b).

The probability of infection was calculated for each adult

according to the status of short business hours of restaurants

near the adult, as shown in Fig. 7. It appears as if an increasing

status of short business hours decreases the probability of

infection. However, when the calculations combine the status

of short business hours with the online class status of the
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Fig. 7. Probability of infection by status of short business hours.
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Fig. 8. Probability of infection by status of short business hours and online
class status.

children’s schools, the results are as shown in Fig. 8. It can

be observed that the status of short business hours does not

affect the probability of infection.

C. Collider-Focused Scenarios

Here we present a scenario that focuses on the collider.

We ask the learner, “We surveyed infected individuals and

found that their vaccination rate appears to decrease as their

age increases. Is this correct?” In this scenario, γ (which

determines how the infection probability increases with age) is

set to a value greater than 0 in (1). In addition, the vaccination

status δ of each adult is randomized. This is a hypothetical

scenario in which the susceptibility to infection gradually

increases with age.

A causal diagram that relates infection, vaccination rate, and

age is shown in Fig. 4(c). Because the infection rate increases

with age, an arrow is drawn from age to infection. Another

arrow is drawn from vaccination to infection because the

probability of infection decreases with vaccination. However,

there is only a dashed arrow between age and vaccination

because there is no direct relationship.

Fig. 4(c) shows that increasing age does not increase the

vaccination rate. Restricting the sample to infected individuals

decreases the proportion of vaccinated individuals and in-

creases the age of the sample. That is, infection plays a collider

role in the causal relationship between age and vaccination

rate.
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Fig. 9. Vaccination rate by age group, restricted to infected persons.
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Fig. 10. Vaccination rate by age group, not restricted to infected persons.

To adjust the level of the ABS story, we can insert “For

example, the elderly may be more susceptible to infection”

or “For example, vaccination may prevent infection” after

“The probability of infection may vary, depending on various

characteristics of the infecting person and the person being

infected and the location where the infection occurs.” These

added sentences encourage the learner to discover the collider

causal path in Fig. 4(c).

When the vaccination rate was calculated only for infected

persons and plotted for each age group, the results are as

shown in Fig. 9, and it appears as if the vaccination rate

decreases with age. However, when the data are not divided

between infected and susceptible persons, the results are as

shown in Fig. 10, indicating that there is no relationship

between age and vaccination rate.

VII. DISCUSSION

In this paper, we focus on the gap between education based

on textbooks and education based on real-world problems in

data science, and propose teaching material that can bridge

this gap. We have proposed teaching material for data science

in which the scenarios and difficulty levels can be changed

according to the learning objectives.

The proposed teaching material consists of an ABS model

and an ABS story. By changing the parameters of the ABS

model, the instructor can construct an ABS world and generate

data from them that satisfy the learning objectives. In addition,

the instructor can change the ease of finding causal relation-

ships and adjust the difficulty level of the task by changing the



description in the ABS story. The learner can simulate a data

scientist by reading the ABS story and analyzing the generated

data.

We showed that, by appropriately adjusting the parameters

of the ABS model, it is possible to construct scenarios that

demonstrate the basic learning items of causal inference: the

mediator, confounder, and collider. We also showed how to

adjust the level of the ABS stories.

Simply providing a task does not guarantee that the learner

will learn; appropriate facilitation by the instructor is nec-

essary. However, the proposed teaching material allows the

instructor to select a scenario that satisfies the learning objec-

tives.

Typical tasks performed by a data scientist include data

understanding, hypothesis building, data collection, data wran-

gling, data analysis, and hypothesis testing. In the following

subsections, we explain how the proposed teaching material

enables the learner to simulate these tasks.

A. Data Understanding

The learner gains a deeper understanding of the ABS model

while reading the given ABS story and understanding the

properties of the data.

The ABS story describes the behavioral rules for adults

and children, the transition rules for infection, and the factors

that affect them, but it does not include a causal diagram.

Therefore, the learner needs to draw a causal diagram of the

model world while reading and interpreting the ABS story.

For example, the learner would notice that infectious dis-

eases are transmitted when people are in the same space from

the sentence, “It is known that a person can be infected when

an infected person is in the same space as him or her”. In

addition, they would notice that the school’s online class status

influences the chance of contact from the statement, “Schools

may offer online classes as a response to infectious diseases.”

Consequently, the learner would discover the causal effect that

the school’s online class status influences the probability of

infection.

B. Hypothesis Building

Not all causal relationships are explicitly described in the

ABS stories. For example, the frequency of restaurant visits

is only described in the sentence, “The extent to which they

use restaurants varies from person to person.”

In response to this, the learner is required to formulate a hy-

pothesis that there is some trend in the frequency of restaurant

visits, and to link this hypothesis to various data and verify it.

For example, the hypothesis is that the frequency of restaurant

visits varies by region, sex, and age. This hypothesis-building

work is embedded in every scenario.

C. Data Collection and Data Wrangling

To test the hypotheses constructed, the learner collects,

connects, and processes the necessary data so that they can

be used in the analysis.

Because the data are divided into various databases, the

learner needs to extract the elements necessary for verifi-

cation and then link these items together. For example, in

the case of the confounder example, the learner needs to

analyze information on adult infections, nearby restaurants,

and the schools attended by children. This information is

spread across an adult information table, a child information

table, a school information table, and a restaurant information

table. Therefore, it is necessary to link these tables together

and compile the data.

In the example of infectious diseases used in this paper, data

cleansing work is not required because errors and noise are not

included in the data. However, prior research has identified

the experience of data cleansing on real data as an essential

component of data science education [10].

By extending the proposed teaching material, data cleansing

tasks can also be introduced. For example, we explicitly

provide adult information as an adult information table. This

is not realistic because, in general, information such as the

height, weight, and address of all adults cannot be collected.

Therefore, we add a sub-model to the ABS model in which

this information is collected in the form of a questionnaire

to be completed at the hospital when an adult has a disease.

When completing this questionnaire, it is expected that adults

will approximate their height using fractions, underestimate

their weight, answer the number of days they have been

experiencing symptoms dishonestly, and omit some items. This

model replicates this behavior. It prevents the learner from

directly referring to the adult information table, thus requiring

the learner to collect survey information and eliminate errors

and noise.

D. Hypothesis Testing

Using the processed data, the learner is required to test

a hypothesis. For example, in the example mediator-focused

scenario, it is possible to test whether a causal relationship

exists between age and infection by adjusting for the frequency

of restaurant visits.

E. Summary

The above discussion shows that the proposed teaching ma-

terial allows the learner to simulate the typical tasks performed

by a data scientist (data understanding, hypothesis building,

data collection, data wrangling, data analysis, and hypothe-

sis testing). The proposed teaching material is expected to

bridge the gap between textbooks and real-world problems

by changing the learning objectives in a step-by-step manner

and gradually bringing the complexity of the model closer to

that of a real-world problem.

The proposed teaching material described in this paper

has some limitations. Most importantly, this paper only pro-

poses teaching material; it does not report the results of

demonstration experiments in actual educational settings. Such

experiments are being conducted in the course “Data Science

Application” at author’s University in the 2023 academic year.

In the future, it will be necessary to consider ways to improve



the system according to the results of these experiments.

Nevertheless, the paper shows how the proposed teaching

material can be modified by decomposing the educational

objectives and creating scenarios that correspond to each of

them.

VIII. CONCLUSION

The purpose of this paper is to propose data science teaching

material in which the scenarios and difficulty levels can be

changed according to the learning objectives. The teaching

material consists of an ABS model and an ABS story. In this

paper, as an example of the teaching material, we focused

on causal inference as the learning objectives and infectious

diseases as the model theme for ABS.

We have shown that, by appropriately adjusting the param-

eters of the ABS model, it is possible to generate scenarios

that include the basic learning items of causal inference: the

mediator, confounder, and collider. We have also shown that

the difficulty level of the task can be changed by adjusting

the wording of the ABS story. Furthermore, we have shown

that the learner can simulate the typical tasks performed

by a data scientist (data understanding, hypothesis building,

data collection, data wrangling, data analysis, and hypothesis

testing) by using this material.

Although we have used infectious diseases as an example,

ABS has been used as a model to reproduce many types

of social phenomena, and its expressiveness is very high.

Therefore, it is expected that the proposed teaching material

will lead to the construction of teaching material for various

objectives in data science education.
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