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ABSTRACT

Educational systems have traditionally been evaluated using cross-sectional studies, namely,
examining a pretest, posttest, and single intervention. Although this is a popular approach in
education, it does not model valuable information such as confounding variables, feedback to
students, and other real-world deviations of studies from ideal conditions. Moreover, learning
inherently is a sequential process and should involve a sequence of interventions. Nowadays, due
to the availability of a large volume of educational data, researchers can develop more intelligent
inference algorithms.

We propose to exploit the rich features in time series data and use them to develop more in-
telligent and individualized educational systems. Our approach is five-fold: First, we model the
sequential nature of education using hidden Markov models and show that analysis of a sequence
of student actions is predictive of posttest results. Second, we propose more intelligent experi-
mental designs by collecting richer data from students by including questions on potential con-
founders in the diagnostic test and instructor interventions during office hours. Third, we propose
various experimental and quasi-experimental designs for educational systems and quantify them
using the graphical model and directed acyclic (DAG) graph language. We discuss the application
and limitations of each method in education. Fourth, we propose to model the education system
as time-varying treatments, confounders, and time-varying treatments-confounders feedback. We
show that if we control for a sufficient set of confounders and use appropriate inference techniques
such as the inverse probability of treatment weighting (IPTW) or g-formula, we can close the back-
door paths and derive the unbiased causal estimate of joint interventions on the outcome. Fifth,
we compare the g-formula and IPTW performance and discuss the pros and cons of using each

method.



TABLE OF CONTENTS

Acknowledgments . . . . . . . . . . i i i i it e e e e e e e et v
ADStract . . . . o o i e e e e e e e e e e e e e e e e e e e v
Listof Tables . . . . . . . 0 i i i i it it e e e it e et et e X
Listof Figures . . . . . . i i v i i i i it it i it ittt ottt oot oooneonnas xiii
Listof Abbreviations . . . . . . . . . i it i i i ittt ittt ittt XV
Listof Symbols . . . . . . . 0 i i i it e e e e e e e e e e e e XVvii
Chapter 1: Introduction . . . . . . . . . i v i i i i it ittt et ettt oo a o ao s 1
1.1 Hidden MarkovModel . . . .. ... ... .. ... .. .. ... 1

1.2 Causality . . . . . . . e e 2

1.3 The Structure of this Dissertation . . . . . . . .. .. ... .. ... ........ 3
Chapter 2: Background . . . . . . . . . .. i i i i i it it e e e e 4
2.1 Statistical Concepts . . . . . . . .. e 4

2.2 Time Series . . . . . . . . e e e e e e e 5
2.2.1 Time Series Forecasting Techniques . . . . . . . .. ... ... ...... 7

2.3 Hidden Markov Model . . . . . .. ... ... ... 8

vi



24 Model Selection . . . . . . ... e 10
2.5 Long Short Term Memory . . . . . . . . . ... .. 12
2.6 K-meansClustering . . . . . . . . . . . . e e 13
2.7 Bayesian Networks and Probabilistic Graphical Models . . . . . .. ... ... .. 13
2.8 Causallnference. . . . . . . . . . . . L 15
2.8.1 Pearl Ladder of Causation . . . .. .. ... ... ... .......... 16
2.8.2 Potential Outcome (PO) . . . . . . . . . .. .. .. ... 17

2.8.3 Graphical Model (Causal DAG) . . .. ... .. ... ... ........ 18
2.84 Structuresin DAG . . . .. .. 19

2.8.5 Pre-Intervention and Post-Intervention DAG . . . . . . .. ... ... ... 20

2.8.6 Structural Causal Model (SCM) . . . . . . . . .. . ... ... .. .... 20

2.8.7 Identifiability Condition . . . . . . ... ... ... ... 21

2.8.8 Internal and External Validities . . . . . . . ... .. ... ... ...... 22
Chapter 3: sequential Modeling and Inference in Education .. ............. 24
3.1 Dataset. . . . ... e e 25
3.2 Problem Formulation . . . . .. ... ... ... ... ... 27
3.3 Resultsand Discussions . . . . . . . . . ..o Lo 28
34 conclusion . . . ...l 35

Chapter 4: tsBNgen: Synthetic Time Series Data Generation Using arbitrary Dynamic

4.1

4.2

Bayesian Network Structures . . . . .. ... ...ttt 36
Features and Capabilities . . . . . . . . . .. . .. . L o 37
Instruction . . . . . . . L 38

Vil



421 Examplel . ... . ... 38

422 Example2 . .. .. . ... 41

423 Example3 . . . . . . ... e 43

43 Conclusion . . . . . .. e 44
Chapter 5: Comparative Analysis of the Hidden Markov Model and LSTM . . . . . .. 45
5.1 Dataset. . . . . . . e e e e e e 46
5.2 Problem Formulation . . .. .. ... ... ... ... ... ... ... ... 47

5.3 Resultsand Discussions . . . . . . . . ... 50
5.4 Conclusion . . . . . . . . e e e 57

Chapter 6: Causal Inference for Experimental and Quasi-experimental designs in Ed-

6.1

6.2

6.3

1110 18 1) 59
Experimental Designs in Education . . . . . . .. ... ... ... ... ..., . 59
Non-randomized Designs with a Single Intervention . . . . . . . . ... ... ... 62
6.2.1 Designs with no control groups . . . . . ... .. ... ... ....... 62
6.2.2 Designs with a control group but no pretest . . . . . . ... ... .... 66
6.2.3 Designs with both control groups and pretests . . . . . .. ... ... ... 67
6.2.4 Design for time seriesdata . . . . . ... ... ... L. 67
6.2.5 Regression Discontinuity (RD) . . . . . ... .. ... o000 69
Non-randomized Designs with Multiple Interventions in Education . . . . . . . .. 71

6.3.1 Time Varying Treatments and Confounders With No Unmeasured Con-
founders . . . . . .. L 72

6.3.2 Time Varying Treatments and Confounders With Unmeasured Confounders 74

6.3.3 Time Varying Treatments and Confounders Feedback . . . . . . ... . .. 78

viil



6.4 Conclusion . . . . . . .., 83

Chapter 7: Conclusion . . . ... ...t ittt ittt teeeeeeesoosesees 85

2] 2 () 1 L * )

1X



2.1

2.2

2.3

24

3.1

3.2

33

34

3.5

3.6

3.7

3.8

3.9

3.10

3.11

3.12

4.1

LIST OF TABLES

Various Data Type . . . . . . . . . . . o e 5
Smoothing Coefficients for various v . . . . . . . .. .. ... 7
Threats to External Validity . . . . . . . . . .. .. ... ... ... ... ..., 23
Threats to Internal Validity . . . . . . ... ... ... ... ... ... ...... 23
BICforClass 1inCasel . . .. .. ... .. ... ... ... ... ....... 30
BICforClass2inCasel . . ... .. . . .. . ... ... . . ..., 30
HMM Trajectory for class 1 studentinCase I . . . ... ... ... ........ 30
HMM Trajectory for class 1 studentinCasel . . ... .. ... ... .. ..... 31
HMM Trajectory for class 2 studentinCase I . . . .. ... ... ... ...... 31
Prediction Accuracies for various MethodsinCase I . . . . . ... ... ... ... 32
BICforClass linCaseIl . . . . . . . . . ... . . . . . ... 33
BICforClass2incaseIl . . . ... ... ... ... ... ... ... ..... 33
HMM Trajectory for class 1 studentinCase Il . . . . . ... .. ... ....... 33
HMM Trajectory for class 2 studentinCase I . . . . . ... ... ... ...... 34
Prediction Accuracies for Various Methodsin Case I . . . . . .. ... ... ... 34
Statistical Results for Average Method . . . . . . . . .. ... ... L. 34
Parameter Setting for Example 1 . . . . . . ... ... ... 0000 39



4.2

4.3

4.4

5.1

5.2

53

54

5.5

5.6

5.7

5.8

6.1

6.2

6.3

6.4

6.5

6.6

6.7

6.8

CPD for Initial Time . . . . . . . . . . . . 40

CPD for Time Stept1 totr . . . . . o . o o o e 40
CPD for the Continuous Node . . . . . .. .. .. .. ... ... ... ...... 40
LSTM Prediction Accuracy and Number of Parameters for Case I. . . . . . . . .. 52
HMM Prediction Accuracy and Number of Parameters forCaseI . . . . . . . . .. 53
LSTM Prediction Accuracy and Number of Parameters for Case II . . . . . . . .. 54
HMM Prediction Accuracy and Number of Parameters for Case I . . . . . . . .. 54
LSTM Prediction Accuracy and Number of Parameters for Case IIl . . . . . . . .. 55
HMM Prediction Accuracy and Number of Parameters for Case III . . . . . . . .. 56
LSTM Prediction Accuracy and Number of Parameters for Case IV.. . . . . . . .. 57
HMM Prediction Accuracy and Number of Parameters for Case IV . . . . . . . .. 57
Hierarchy of Quasi-Experimental Design . . . . . . . . ... ... ... ...... 62
Simulation Result for a design with a single intervention . . . . .. ... ... .. 64

Simulation Result for Time-Varying Treatments, Confounders with No Unmea-
sured Confounders . . . . . . .. ... Lo 74

Simulation Result for Time-Varying Treatments, Confounders with No Unmea-
sured Confounders . . . . . . . . . .. 74

Simulation Result for Time-Varying Treatments, Confounders with Unmeasured
Confounders . . . . . . . . ... 76

Simulation Result for Time-Varying Treatments, Confounders with Unmeasured
Confounders . . . . . . . . ... 77

Simulation Result for Time-Varying Treatments, Confounders with Unmeasured
Confounders (Comparison of Case landIl) . . . .. ... ... ... ....... 78

Simulation Results for Time Varying Treatments and Confounders Feedback: Com-
parison of Outcome Regression and MSM in terms of 95% CI. . . . . . .. .. .. 82

X1



6.9 Simulation Results for Time Varying Treatments and Confounders Feedback: Com-
parison of Outcome Regression, MSM and G-formula . . . . . .. ... ... ...

Xii



2.1

2.2

2.3

24

2.5

2.6

2.7

2.8

29

2.10

3.1

4.1

4.2

4.3

5.1

5.2

53

LIST OF FIGURES

p-value, probability of the shadedarea . . . . . ... ... ... ... .. ..... 5
K-fold Cross Validation . . . . . . . . . .. ... ... . 12
Bayesian Network . . . . . . . . . ... 14
Gaussian Bayesian Network . . . . . . . . ... ... oL 14
Discrete Bayesian Network . . . . . . . . ... .. .. . o o 15
Well-known Frameworks for Causality . . . . . ... ... .. ... .. ...... 16
Pearl Ladder of Causation . . . . . . . . . . .. .. .. .. ... 16
Graphical Representation of Treatment, Outcome and Confounder . . . . . . . .. 19
Various structuresonaDAG . . . . . . ..o Lo 19
a) The Pre-Intervention DAG  b) The Post-Intervention DAG . . . ... ... .. 20
Snapshot of the Save Patchgame . . . . . . ... ... ... ... .. ... ... 26
Synthetic Time Series Data Under Example 1 . . . . . . ... ... ... ..... 39
Synthetic Time Series Data Under Example2 . . . . . . ... ... ... ..... 41
Synthetic Time Series Data Under Example 3 . . . . . . . ... ... ....... 43
LSTM Architectures for Time Series Data . . . . . .. ... ... ... ...... 48
Synthetic Time Series Under Case I . . . . . . ... ... ... ... ....... 52
Synthetic Time Series Under Case I . . . . . . ... .. .. ... ......... 53



54

5.5

6.1

6.2

6.3

6.4

6.5

6.6

6.7

6.8

6.9

6.10

6.11

6.12

Synthetic Time Series Under Case IIl . . . . . . . ... ... ... ... ...... 55

Synthetic Time Series Under Case IV . . . . . . ... ... ... ......... 56

a) DAG for a RCT with non-compliance. b) DAG for RCT with full compliance . . 61

SMART data collection design in education . . . . ... ... ........... 61
Some Well-Known Quasi-Experimental Designs . . . . . . ... ... ... .... 62
DAGs for a single posttestdesign . . . . . . . . .. .. L Lo 63
DAGs for a pretest-posttest Design . . . . . . ... .. L L Lo 65
The DAG for Posttest-Only Design With Nonequivalent Groups . . . . . . .. .. 66
A DAG for the Interrupted Time Series Design . . . . . . . . ... ... ... ... 68
A DAG for Regression Discontinuity Design . . . . . . .. ... ... ... .... 70
Joint Effectof X;and Xoon O . . . . . . . . . . . 72
Time Varying Treatment and Confounder for three time points . . . . . . ... .. 73

Time Varying Treatment and Confounder for three time points with Unobserved
Confounders . . . . . . . . ... 75

Time Varying Treatments and Confounders Feedback . . . . . .. ... ... ... 79

X1V



LIST OF ABBREVIATIONS

A|B|C|D|H|I|L|M|P|R|S

A

AIC Akaike Information Criterion.

AR Autoregressive.

ARIMA autoregressive integrated moving average.
ARMA autoregressive moving average.
B

BIC Bayesian Information Criterion.
BKT Bayesian knowledge tracing.

C

CHMM continuous hidden Markov model.
CPDs conditional probability tables.
Cv Cross-Validation.

D

DAG directed acyclic graph.

DBN dynamic Bayesian network.
DHMM discrete hidden Markov model.
H

HMM hidden Markov model.

I

ITS intelligent tutoring system.

L

LSTM long short term memory.

M

MA Moving Average.

XV



PO

RNN

SCM
SP

Potential Outcome.

recurrent neural network.

Structural causal model.
Save Patch.

XVi



LIST OF SYMBOLS

A|R

« Smoothing Parameter.

€ Residual/error term.

XVil



Chapter 1

INTRODUCTION

Educational systems have traditionally been evaluated using cross-sectional studies, namely, exam-
ining a pretest and posttest. Considerable research such as [1] and [2] has been done in designing
and analyzing the pretest and posttest. Although this is a popular approach, it does not model
valuable information such as confounding variables, feedback to students, and other real-world de-
viations of studies from ideal conditions. Moreover, it does not exploit rich information available
in time series data. Also, learning inherently is a sequential process and should involve a sequence
of interventions. Nowadays, a large volume of educational data is available, allowing researchers
to develop more intelligent and more complex modeling and inference algorithms. Numerous ideas
such as intelligent tutoring systems (ITS), Bayesian knowledge tracing (BKT), dynamic Bayesian
networks, and hidden Markov models (HMMs) have been proposed to overcome the limitations of

current educational systems.

1.1 Hidden Markov Model

The hidden Markov model (HMM) is a popular method to model the time series data because of its
rich mathematical structure and the availability of many practical algorithms for computing model
components [3]. Numerous papers such as [3], [4], [S], about the HMM applications in speech
and the stock market have been published. There has also been some research done in recent years
about applications of the HMM in education [6], [7]. In [6], the authors used an HMM to predict
student performance in educational video games. They exploit and extract the rich information and
features in time series data to develop more intelligent models in education. Dynamic Bayesian

networks are the generalization of HMMs, which have numerous applications in the real world.



DBNs has been successfully used in education [8], [9], and [10].

1.2 Causality

Although ITS, BKT, and HMM have been successfully used in education, they have many limita-
tions, such as: 1- they do not model multiple interventions thorough time. 2- They do not model
time-varying confounders. 3- They do not model time-varying treatments and confounders feed-
back. Our objective is to have a tractable approach for the actual educational system by accounting
for all the potential confounders, and design suitable interventions to reduce the negative influence
of confounders through time. To design intelligent and individualized educational systems, one
must incorporate all the parameters and factors that can influence the system in the model and try
to collect rich data for these factors through suitable experimental and quasi-experimental designs.
The next step is to develop suitable algorithms for inference and learning the parameters of the
model. Finally, the last step is to test the model and modify it accordingly. Causal inference
is a framework that allows one to query about all this necessary information. It has been used
successfully in various domains such as econometric, epidemiology and education [11-13].

The potential outcome and Pearl’s Structural causal model (SCM) are two well-known frame-
works for causal inference. SCM is a popular framework that uses a directed acyclic graph (DAG)
to model real-world phenomena [14]. DAGs have been used in many domains [15], [16], and
[17]. In [17], the authors used dynamic Bayesian networks to generate synthetic time series data.
In [13], we incorporated the potential outcome and causal DAGs in education. We analyzed ex-
perimental, quasi-experimental designs with a single intervention and quasi-experimental designs
with multiple interventions. We borrowed tools from various domains such as econometric and
epidemiology to derive unbiased causal estimates. The use of causal DAGs provides the following
advantages: 1- They explain the data generating process. 2- They demonstrate the d-separation
and variables independence using graphs. 3- They provide easy and efficient algorithms for infer-
ence and learning. In this dissertation, we frequently use DAGs and explain various models using

graphical modeling language.



1.3 The Structure of this Dissertation

This dissertation is organized as follows: Chapter 2 provides the background and prerequisite
knowledge needed for other chapters. Chapter 3 examines sequential modeling and inference us-
ing algorithms such as HMMs in educational systems. The HMM was our first algorithm to
model time series, and it was quite successful in predicting student trajectory in the game. Chap-
ter 4 discusses tsbngen, a Python package to generate synthetic time series data using arbitrary
dynamic Bayesian network structures. The motivation behind this package is to generate data for
more complex structures than the HMM to approximate real-world situations. Chapter 5 provides
a comprehensive simulative comparison of both discrete and continuous HMM with long short
term memory (LSTM). The results indicate that the HMM can outperform the LSTM when the
amount of data is limited. Chapter 6 discusses causal inference in education systems and provides
a detailed treatment of experimental and quasi-experimental designs in educational systems. It
breaks from approximating with HMMs to determine what kinds of measurements must be made
for a causal model to explain data and guide the sequence of interventions. It also discusses various
algorithms to model quasi-experimental designs with multiple interventions. Chapter 7 provides

the conclusion and final remarks.



Chapter 2

BACKGROUND

In this section, I discuss the background and prerequisite knowledge used in other chapters.

2.1 Statistical Concepts

Probability: There are two popular schools of thought to define the probability:

Probability

T

Frequentist Bayesian

Proportion of an event in a long run ~ Measure of uncertainty in physical world

The Bayesian approach assigns a probability measure to each event (prior probability) and updates
this probability with observing data (posterior probability). The frequentist approach is mainly
concerned with the likelihood function as opposed to the posterior distribution. To better distin-

guish between the frequentist and Bayesian approach consider the following theorem:

P(D|z)P(x)

P@ID) = =75

2.1)

The equation 2.1 is referred to as the Bayes theorem, which states the relationship between likeli-
hood and posterior probability. The P(z) is known as the prior probability, the P(D|z) is called
the likelihood function, and P(x|D) is the posterior probability.

p-value: The p-value is a measure of the probability that an observed difference could have oc-
curred just by random chance. The lower the p-value, the greater the statistical significance of
the observed difference. The p-value is the evidence against the null hypothesis: the smaller the

p-value, the stronger the evidence against the null hypothesis (Rejecting the null hypothesis).
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For example, reject the null hypothesis if p-value < « and fail to reject the null hypothesis if p-

value > «. The p-value is a common technique in frequentist driven studies.

Normal Distribution

005 / \ P-Value
pd
ob— . . )
-4 3 2 B 0 1 2 3 4

Figure 2.1: p-value, probability of the shaded area

Regression to the Mean: Formally, it says if a random variable is an extreme or outlier in a first
observation, it will be more towards the average for future observations.
Table 2.1 depicts various data types in real-world applications:

Table 2.1: Various Data Type

Data Type Definition
Cross-Sectional Multiple individuals at the same time.
Time Series Single individual at multiple points in time.
Panel Data (Longitudinal Data) | Multiple individuals at multiple time points.

2.2 Time Series

White noise: Each element in a time series is a random draw from a population with zero mean
and constant variance.
Autoregressive (AR): AR(p) is an AR model with p lags. They are the models in which the value

of a time series at time t is related to its previous values.

AR(L) :yy = p+ 1 + & (2.2)
i=p

AR(p) ryr = p+ Z VilYi—i + € (2.3)
=1

where 1 and ~y are constant values.

Moving Average (MA): MA(q) is a MA model with q lags. They are the models in which the

5



value of a time series at time t is expressed as a linear combination of previous error terms.

MAQ) tyy = p+ 061+ ¢ (2.4
1=q
MA(q) s ye=p+ Y Oi+ 6 (2.5)

i=1

Autoregressive moving average (ARMA): ARMA(p,q) combines the AR(p) and MA(q) pro-

cesses as follows:
i=p i=q
ARMA(p,q) tye = p+ > Oyi+ > diej + € (2.6)
i=1 j=1
Stationary: A stationary process has a mean and variance that do not change over time.
De-trending: A variable can be detrended by regressing the variable on a time trend and obtaining
the residual.

y=p+pPt+e (2.7)

€& =y — f1 — Bt (2.8)
Differencing: It is a process of subtracting a current value of a time series from its previous values.
Equation 2.9 is an example of first order differencing where the current value of the time series at

time ¢ is subtracted from the value at time ¢ — 1. Differencing is a simple yet very powerful tool to

remove the trend and seasonality in the time series.

Ay = Yy — Y1 (2.9)

Equation 2.9 can iteratively be used to make the time series stationary.
Auto-correlation Function (ACF): Ratio of the autocovariance of y; and 1;_; to the variance of
dependent variable ;.

Cov(yt, ye-x)
Var(yt)

Partial Auto-correlation Function (PACF): It is a correlation between y,; and y;_j. for different

ACF(k) = py, = (2.10)

values of k£ minus the part explained by the intervening lags.



2.2.1 Time Series Forecasting Techniques

Suppose y; is time series of length 7" denoted by w1, o, ..., yr. The forecasting or prediction is a
problem of estimating the future value of y; given observed values up to time 7.

Naive: The future value of time series is equal to the last observed value of the time series.

Yy=vyr (2.11)

Moving Average: The future value of the time series is equal to the average values of the time

series up to time 7'.

t=

~

1

= — 2.12
Yy T Yt ( )

g

t=1
Simple Exponential Smoothing: The future value of a time series is equal to the weighted average

of all the observations up to time 7". The weights decrease exponentially and are controlled by
smoothing parameter a.. « is a parameter and is selected based on how important are the past
values compared to the more recent values in a given time series. For example Table 2.2 shows the

single exponential smoothing coefficients for the five most recent values in a time series. As Table

Table 2.2: Smoothing Coefficients for various «

a=00]a=01|a=05|a=09
Yr 0.05 0.1 0.5 0.9
yr—1 | 0.0475 0.09 0.25 0.09
yr—o | 0.0451 | 0.0.081 | 0.125 0.009
yr—s | 0.0429 0.0729 | 0.0625 | 0.0009
yr—4 | 0.0407 | 0.06561 | 0.03125 | 0.00009

2.2 shows, a smaller value of o puts more weight on the more distant values and a larger « puts

more weight on the more recent values of a time series. The naive and moving average methods

are both special cases when « is one and when weights are all the same.

§=ayr+a(l —a)yr_ +a(l —a)’yr o+ -

(2.13)



Regression: Express the dependent variable as a linear combination of predictors. Suppose the

predictors are X ;, Xo, ... X}, then, mathematically this can be represented as follows:
Y = Bo+ L1 Xis + BoXot + oo 4+ B Xt + € (2.14)

The regression model should satisfy the Gauss-Markov assumptions. This implies that the error
term € is independent and uncorrelated at different points in time. The covariance between the

error term and the independent predictors is zero and the error term is zero mean.

Ele] =0 (2.15)

Cov(e, X14) =0 Vi=1,2,..k (2.16)

Autoregressive integrated moving average (ARIMA): ARIMA(p,q,d) is defined as applying
the ARMA(p,q) model to d-differenced time series (time series after performing equation 2.9 d
times). ARIMA is a powerful univariate time series forecasting technique, which is used when the

residual time series exhibits autocorrelation at different points in time.

2.3 Hidden Markov Model

In this section, HMM algorithms are briefly reviewed. Both the discrete hidden Markov model
(DHMM) as well as the continuous hidden Markov model (CHMM) are discussed. The HMM is
the extension of the Markov process in which the observations are a probabilistic function of the
states. In an HMM, states are considered as hidden and should be inferred by the sequence of
observations. The HMM is characterized by the following:

N: Number of the hidden states. Although this is unknown since the states are hidden, it usually
can be initialized to a reasonable number depending on the problem and the dataset and later can
be learned using various statistical analysis tools which will be discussed later.

M: Number of the observation symbols per state.

?: State sequence where ? = (s1, 82,...s7), T is the length of the sequence, and each s; €
{1,2,...,N}.

8; sequence of the observation symbols where 8 = (01,09, ...0r) and each o; € {1,2, ..., M }.



A: State transition probability. It defines the probability of going from state i to the state j and is

denoted by

a;; = p(se41 = Jjlse = 1) 2.17)
B: Observation distribution per each state, which is denoted as follows:

bi(k) = plo, = kls, = i) (2.18)
7 Initial state distribution that is defined as follows:

™ = p(s1 = 1) (2.19)
A: HMM parameters together are usually denoted by the following:

A= (A,B,7) (2.20)

The above equations together can be used to fully define any HMM with discrete observations.
Forward and backward algorithms [3] are used to calculate P (8|/\), the probability of observing
a sequence given \. If the time series is not labeled and the mapping between the observations and
the states is not available, then HMM parameters should be estimated using the Baum-Welch or EM
algorithm [18]. If the observations are continuous (CHMM) as opposed to discrete, the emission
probability distribution should be adjusted to account for this change. Continuous observations are
modeled by fitting the probability density functions (pdf) to the data. A Gaussian distribution or
mixture of Gaussian distributions are typically used for modeling the data. If the observations for
each state can be modeled using a single Gaussian distribution, then equation 2.18 will be changed

to the following:
bi(x) = p(xls; = i) = N(w; pi, i) (2.21)

In equation 2.21, p; and 3; are the mean and the covariance matrix of the Gaussian distribution
for state i respectively. If a single distribution is not a reasonable fit to the data, then a mixture of

Gaussian distributions can be used to model the observations. In this case, equation 2.22 can be



used to model the observations for each state.
M

bi(x) = p(xlsy = i) = Y cimN(@; ftim, Sim) (2.22)

m=1

¢im 1s the mixture coefficient and determines the weight each component has in modeling the
data. p;,, and X;,,, are the mean and covariance matrices of each mixture component corresponding
to the state 7. Decoding the optimal state sequence given the observation can be done using the

Viterbi algorithm [19]. It finds the sequence of the states that best explains the observed data:

S* = argmaxgP(S|O, \) (2.23)

2.4 Model Selection

Model selection is the process of choosing between different machine learning approaches, or
choosing between different hyperparameters or sets of features for the same machine learning

approach. Some popular metrics used to choose an optimal model:
* Minimizing the test error.
* Maximizing the log likelihood.
* Minimizing the misclassification error.
Some well-known methods for model selections are:
e K-fold Cross-Validation (CV)
* Bayesian Information Criterion (BIC).
¢ Akaike Information Criterion (AIC).

AIC and BIC are the model selection algorithms that are used to combat overfitting by introducing

the penalty terms. AIC is defined by the following formula:

AIC = -2InL + 2k (2.24)

10



where In L is the log likelihood function and & is the number of parameters in the model; therefore
2k is the penalty term.
BIC is another well known model selection algorithm that measures the trade off between the

model fit and the complexity. The formula for the BIC is given below:
BIC=-2InL+klnN (2.25)

In L and £ are the same parameters as in AIC, and N is the number of observations. By comparing
equations 2.24 and 2.25 it appears that BIC has a larger penalizing term. Therefore it penalizes the
complex model more than AIC. Minimizing the test and the misclassification errors are usually the
objective in the supervised learning since there is ground truth data. CV is a resampling procedure
used to evaluate machine learning models on a limited data sample. K-fold is a type of CV that
has a single parameter K, and K refers to the number of groups that a given data sample is to be

split into. K-fold CV works as follows:

1. Shuffle the data randomly.

2. Split the data into K groups.

3. For each group:

* Take a group as test data and the remaining K-1 groups as training data.

* Fit a model on training data and evaluate its performance on the test data.
* Repeat this procedure K times.

 Take the average or combine the K results to have a score for the model.

Figure 2.2 shows the procedure the for K-fold cross validation, where in each step one fold is used

for the testing and K-1 folds are used for the training.
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Test Train on (k = 1) splits

k-fold

Figure 2.2: K-fold Cross Validation

2.5 Long Short Term Memory

Recurrent neural network (RNN) are mainly designed for the sequence prediction problem. Un-
like feed-forward networks that consider inputs and outputs to be independent, RNNs consist of
memory cells that can remember the long term dependencies between elements of a sequence.
In theory, a RNN can remember arbitrarily long time steps, but in practice, they suffer from the
vanishing gradient problem [20], [21]. The LSTM is designed to address the vanishing gradient
problem. The first step in the operation of LSTM is the use of a cell state, which is a memory
element to store information. The LSTM has the ability to remove and update the cell state via
various gates. A forget gate decides what information should be kept or removed. This is done
using a sigmoid function that produces a number between 0 and 1, where one means keeping and
zero means removing the data. The input gate is responsible for adding or updating the information
to the cell state. It consists of a component that involves a sigmoid function to determine which
information should be added to the cell state. It also has a component using a tanh to squeeze the
data to the -1 and 1 range. The output gate decides what information from the cell state should be
passed to the output at time t. This is done similarly to the input gate in which the cell state data is
squeezed to -1 and 1 range and then is multiplied by the output of a sigmoid function to determine

the useful information passed to the output.
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2.6 K-means Clustering

K-means is a well-known distance-based clustering method that uses the Euclidean distance to
measure the similarity between data points. The inherent problem with the K-means is that the
value of K should be specified in advance. This can be done by the domain knowledge or tech-
niques such as the elbow method, Silhouette index, and gap statistics.

The elbow method works by iterating through different values of K and plots the sum of squared
distances of samples to their closest cluster center. This quantity is called inertia or the sum of
squared errors (SSE). Then the optimal number of clusters is selected by the value of K at the
“elbow”, namely the point after which the SSE/inertia starts decreasing linearly. Silhouette index
is a measure of how similar a data point is to the points in its cluster compared to points in other

clusters. It works by calculating the Silhouette coefficient for each instance of clustering as follows:

a—>b
= 2.2
¢ max(a,b) (2:26)

In equation 2.26, a represents the mean intra-cluster distance, and b represents the mean
nearest-cluster distance for each sample. Equation 2.26 shows that the silhouette coefficient is
a number between -1 and 1 in which the number closer to 1 represents that a sample is assigned to

the correct cluster and a number closer to -1 shows that the sample is assigned to the wrong cluster.

2.7 Bayesian Networks and Probabilistic Graphical Models

Bayesian networks are a class of directed graphical models which consist of nodes to denote the
variables, and edges to denote the connection and relationships between the nodes. Bayesian
networks do not contain loops or cycles and hence they are called directed acyclic graphs. Consider
the following Bayesian network: The variable A is called the root, which is a variable that does not
have any parents (any arrow into it). The variables B and C are its children since there is an edge

from A to them. The variable D is the leaf node, which is a variable that has no children. The joint
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Figure 2.3: Bayesian Network

distribution on Bayesian networks respect the Markov property and is expressed as follows:
P(Xy, Xs, ... X)) = [ [ P(Xi|Parents(X;)) (2.27)
=1

For example, the joint distribution for figure 2.3 is as follows:
P(A,B,C,D) = P(A)P(B|A)P(C|A)P(D|B,C) (2.28)

Gaussian Bayesian Networks: It is a Bayesian network where all of its variables are continuous
and all the conditional probability tables (CPDS) are linear Gaussians. Each node in a Gaussian

Bayesian network is represented as follows:

X;= Y ByXite (2.29)

i€pa(y)

where €; ~ N(0, o2).

Figure 2.4 shows an example of Gaussian Bayesian network.

Figure 2.4: Gaussian Bayesian Network
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P(Xy) ~ N(Ml,U%)
P(X3) ~ N(M,Ug)
P(X3) ~ N(us,03)

P(Y|X1, X2, X3) ~ N(Bo + 51 X1 + 52 X2 + 33X3,0,)

(2.30)
(2.31)
(2.32)

(2.33)

Discrete Bayesian Networks: It is a Bayesian network where all of its variables are discrete and

all the CPDS are multinomial distributions. The CPDS in discrete Bayesian networks are usually

represented as tables. Figure 2.5 shows an example of discrete Bayesian network, in which the

variables A ,B, and C are Bernoulli random variables.

(0] 0.6

1 0.4 A B

(5 | c | picisa
0 0 0 0.4

, B B, B, O O O

0
1
il
0
0
il
1

B O B O Rr O Bk

Figure 2.5: Discrete Bayesian Network

2.8 Causal Inference

0.6
0.5
0.5
0.7
0.3
0.9
0.1

Figure 2.8 shows the popular causal inference frameworks, namely Pearl’s structural and graph-

ical models and Rubin’s potential outcome (PO) model. The PO model was first discovered by
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Neyman for randomized experiments and then later on extended to non-randomized settings with

confounders by Rubin and Robins. Pearl shows that the there is one-to-one mapping between PO

and the structural causal model.

Graphical Model

Popular Frameworks for Causality

\

Potential Outcome (PO)

|

Structural Causal Model (SCM)

|

and effect.

e Easy to demonstrate confounder,
treatment/intervention and outcome.

* Represent the data generating pro-

CESS.

e Easy to demonstrate the indepen-

dence and d-separation.

* Easy to demonstrate various graph

structure such as collider.

. 1)
* Directed edges to denote the cause

Developed by Neyman for random-
ized experiment.

Extended to non-randomized and ob-
servational studies by Rubin.

Included the factual and counterfac-
tual outcome.

Can be derived from graphical mod-
els.

e One-to-one mapping to

causal DAG.

» Represents each node in a

graph as a function of its
parents and set of unob-
served nodes.

J

Figure 2.6: Well-known Frameworks for Causality

Level Typical Typical Questions

(Symbol) Activity

1. Association Seeing What is?

P(y|z) How would seeing X
change my belief inY?

2. Intervention Doing What if?

P(y|do(z), z) Intervening What if I do X7

3. Counterfactuals Imagining, Why?

P(yz|z',y") Retrospection Was it X that caused Y'?
What if I had acted
differently?

Figure 2.7: Pearl Ladder of Causation

2.8.1 Pearl Ladder of Causation

The following are the rungs in Pearl’s hierarchical ladder of causation:
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* Association: This is the first layer in the ladder of causation corresponding to the first row
of figure 2.7. This is where most of the current statistical literature lies. An example of asso-
ciation or correlation is the conditional probability of P(y|x), which means the probability

of obtaining y given we observe or see x.

* Intervention: This is the second layer in ladder of causation corresponding to the second
row of figure 2.7. This is the layer responsible for the do calculus. An example of this is
P(y|do(z)), which means the probability of obtaining y given we are forcing or intervening
X =ux.

Note: P(y|do(z)) is commonly written as P(y,) (Potential outcome notation, explained

later in this section).

* Counterfactual: This is the third layer in the ladder of causation corresponding to the third
row of figure 2.7. The counterfactual output is always unobserved. For example, consider
x = 1 denotes receiving the treatment and x = 0 denotes otherwise. Then P(y,—1|z = 0)
is a counterfactual outcome since we are asking about the probability of outcome among the

people who did not receive the treatment had we forced them to receive the treatment.

2.8.2 Potential Outcome (PO)

Y® or Y, is the outcome that would be observed if the treatment was set to X=x; in other words,
it is the outcome under different possible treatment options. It consists of observed or factual and
unobserved or counterfactual segments.

Assume the case of binary treatments, where X = 1 denotes receiving the treatment and
X = 0 denotes otherwise. C' = ¢ denotes observing participants among those that are in group c.
For example, in education, c can represent students who are in a specific class, have a certain GPA,

etc. Then based on the definition of the PO and the counterfactual in the last section, we can define
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the following equations.

Average Treatment Effect = ATE = Ely,—1] — E[ys—o] (2.34)

Average Treatment Effect Among Treated = ATT = E[y,—1|X = 1] — Ely,—o|X = 1]
(2.35)

Average Treatment Effect Among Untreated = ATU = Ely,—1|X = 0] — E[y,—0|X = 0]
(2.36)

Conditional Treatment Effect = CATE = E[y,—|C = ¢| — E[y.—o|C = (] (2.37)

2.8.3 Graphical Model (Causal DAG)

In this framework, the nodes and variables are represented as vertices of the graph, and directed
edges denote causal relationships between them. Besides having directed edges, there is no cycle
or loop in a causal DAG. The benefit of using a DAG is to define a pictorial view of the problem, to
represent the data generating process, and to demonstrate independence and d-separation clearly.
For example, in figure 2.8, X is the treatment, Y is the outcome, and Z is the confounder (cause
of both X and Y and is placed on the backdoor path between X to Y'). In causal inference, we
are usually interested in finding the average causal effect of treatment on outcome. If Z were
not present, then the problem would be reduced to correlational studies such that causation and
correlation would be the same.

In figure 2.8, the red path X < Z — Y is called the backdoor path, which is a non-causal path
pointing to a treatment X and outcome Y. Our goal in causal inference is to block backdoor paths
since they are non-causal paths and introduce bias in our analysis. To account for this backdoor
path and determine unbiased causal estimate of X on Y we use the Pearl backdoor criterion as
follows:

Backdoor Adjustment: If Z is a backdoor variable relative to X and Y then the causal effect of
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X

Figure 2.8: Graphical Representation of Treatment, Outcome and Confounder

X onY is calculated by:

P(Y|do(X)) =Y P(Y|X,Z)P(Z) (2.38)

2.8.4 Structures in DAG

Figure 2.9 shows various independence structures on DAGs. Figures 2.9a and 2.9b are structures
in which A and C are d-separated conditioned on B. However 2.9¢ denotes a collider structure,
where A and C' are independent but they will be dependent conditioned on B. Conditioning on B

results in what is known as a collider stratification bias.

(a) ALC|B A ‘c) ) "
(b) ALLC|B © ALC

Figure 2.9: Various structures on a DAG
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2.8.5 Pre-Intervention and Post-Intervention DAG

The pre-intervention DAG is a data generating process, or a DAG designed by an expert or given
by nature. The post-intervention DAG is a pre-intervention DAG after performing the interven-
tion. This is done by removing the parents of the nodes we are doing an intervention on. For
example figure 2.10a shows a pre-intervention DAG and 2.10b shows the post-intervention DAG

after performing the intervention on X.

(b)
(a)

Figure 2.10: a) The Pre-Intervention DAG  b) The Post-Intervention DAG

2.8.6 Structural Causal Model (SCM)

The SCM is a system of structural equations relating each node in a DAG to their parents and the
set of unobserved causes. It has a one-to-one mapping to graphical models. The following are the

components of the SCM model:
¢ Variables/Nodes.
e Unobserved cause of nodes.

* Functions mapping each node to their parents.
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For example, in figure 2.10, the following equations demonstrate the SCM for the pre (the left

equation) and post (the right equation) intervention DAGs.

Y = fy(Uy) Y = fy(Uy) (2.39)
X = fx(Y,Ux) X=x (2.40)
Z = [2(X,Y,Uy) Z = f2(x,Y,Uy) (2.41)

Ux LUy LU, (2.42)

2.8.7 Identifiability Condition
* Well-Specified Variables.
— All variables should be properly defined.
— The treatment, outcome and measured confounders should be correctly specified.
* Positivity.

— No deterministic treatment within levels of the confounder. For example, in figure 2.8,
for positivity to hold we need:
P(X=z|Z=2)>0 If P(Z=2)>0 (2.43)

If the equation 2.43 is violated then E(Y'| X, Z) is not defined. This is because:

B _ ply,z,2) p(y,z,2)
B(Y[X,2) =) yp(IX,Z) = gy—p@, 5= ?yp—ump@ (2.44)

)

since the numerator of equation 2.44 will be zero.
 Consistency.

— For those who receive X = z then Y, = y.

— For those who receive X = z* then Y« = v.
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For example using consistency, F[Y,] can be written as follows:
E(Y;) =Y E(Y:|X = 2)p(x) = B(Y,|X = 2)p(x) + E(Y.|X = 2”)p(z*)

(2.45)

= E(Y|X =2)p(x) + E(Y,|X = 2%)p(z¥) (2.46)
* Conditional Exchangeability.

— Conditional exchangeability states that the potential outcome is independent of the
treatment given the sufficient set of confounders. Mathematically this is represented

as follows:

Yx L X|Z (2.47)
Conditional exchangeability states if one accounts for sufficient confounders then treat-
ment and control groups are the same.

— Z in equation 2.47 is sufficient for controlling any non-causal path.

— It states that the treated and untreated groups are similar conditioned on the set Z.
* Defining Sources of Bias.

— No measurement error.
— No selection bias (loss-to-follow-up, etc).
* Well-specified Model.
Define a valid statistical model for inference and testing. Make sure the statistical model can

match the problem requirements in terms of amount of data, number of parameters, nature

of data (whether data is cross-sectional or longitudinal), etc.

2.8.8 Internal and External Validities

External validity is the ability to generalize the findings to other populations and settings. Lack of

external validity suggests that the outcome cannot be related to other people or contexts outside the
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current study. For example, consider studies where the participants are all male or students who
all have perfect GPA, then the findings cannot be generalized to the entire population.

Table 2.3 summarizes some well-known threats to external validities. Internal validity is defined

Table 2.3: Threats to External Validity

Threats Definition
Participation Characteristics | Participants should be a good representative (sample) of entire population.
Experiment Setting How similar is the experiment setting to real-world.
Timing Study over the past might not be the same as now.

as the degree to which the causal relationship between dependent and independent variables can
be established. Internal validity is trying to answer the following questions: Is the independent
variable the only cause of the change in the dependent variable? Have we considered all the con-

founders in the study? Table 2.4 indicates some well-known threats to internal validity according

to [22].
Table 2.4: Threats to Internal Validity
Threats Definition
Ambiguous Temporal Precedence Lack of clarity between which variable occurs first.
Regression Problem of regression to the mean.
Confounding Variables Something other than treatment is causing the change in outcome.
History External events that affect how participants responds.
Maturation Natural process in which participants change during the course of study.
Instrumentation An instrument or a measure in a study change over the course of study .
Testing/Practice Effects Repetition of test to enhance the performance.
Attrition/Mortality Participants dropping out during the course of study.
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Chapter 3

SEQUENTIAL MODELING AND INFERENCE IN

EDUCATION

In this chapter, we discuss sequential modeling and inference and their applications to education.
Bayesian knowledge tracing (BKT), proposed in 1995 by Corbett and Anderson [23], is one of the
most popular approaches to model student knowledge as two-state latent variables of either learned
or did not learn the subject. The BKT can be considered as a two-state hidden Markov model where
the probability of forgetting a concept is set to zero. In [24], the authors proposed to add student-
specific parameters to BKT as opposed to only including the skill-specific parameters. In [25], and
[26] the authors used a RNN to model student learning. They showed that neural networks result in
substantial improvements in prediction performance over the more traditional BKT. Although BKT
is a popular approach in education, it suffers from the following limitations: 1- It only considers
two hidden states, which might not be optimal for a given dataset and application. 2- It assumes
once the subject is learned, it will not be forgotten. This is not a valid assumption in education and
can lead to an invalid conclusion. Intelligent tutoring system (ITS) is another popular approach to
model student learning in education. It consists of computer software that dynamically evaluates
student knowledge and provides feedback. Numerous papers have been published such as [27],
[28], [29], [30], and [31] about designs and applications of ITS in education. In [27], the authors
discussed the ITS architecture and its application to education. In [28], the authors introduced
AutoTutor, an ITS that helps college students learn computer literacy. The hidden Markov model
(HMM) is a powerful technique to model sequential and time series data. HMM can handle discrete
and continuous observations. It can be used in both supervised and unsupervised applications, and

in particular we show how it can be used to model the trajectory of student attainments. In this
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section, we explain modeling educational videos games using HMM and present a novel approach

to predict student performance using a video game as opposed to the exam [6].

3.1 Dataset

The dataset used in this section belongs to the Save Patch (SP) game designed by the National
Center for Research on Evaluation, Standards, and Student Testing (CRESST). This game is one
out of four fraction games designed to teach the concept of a unit in rational numbers. It is intended
to teach the following two concepts: 1- Rational numbers are defined relative to a whole unit; 2-
Rational numbers can be added only if they have a common denominator [32].

Save Patch is a single-player game with 56 levels that integrates math learning with game
mechanics. It was designed to target the concepts in sixth-grade math. The game was played in
four 40-minute classroom periods [33], [34].

The goal in the game is to reach a cat statue across an archeological dig site. The challenge lies
in only being able to travel on a one or two-dimensional grid by determining the correct length of
rope to travel between posts. On some levels, the student is required to stop at prescribed points.
Students are given a set number of rope pieces. They should identify the correct size of rope needed
to get to the statues. Sometimes they need to break the ropes to a smaller size or even add multiple
small ropes together. Figure 3.1 shows some snapshots of the Save Patch game.

Along with the four games, a pretest and a posttest were designed to test the students’ under-
standing of the concepts before and after each game. A set of questions targeted by each game in
the posttest and pretest is carefully identified. This is very beneficial since it permits each game to
be analyzed and verified independently of all the other games.

Students who played the game were evenly distributed to 50% male and 50% female. Students
were administered a pretest to evaluate their prior math knowledge before playing the game and a
posttest upon completion of the game.

There were 22 questions in the pretest and 23 questions in the posttest that examine various

mathematical concepts such as understanding the meaning of numerator, denominator, and fraction
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Start The character must walk from the Start signpost to the goal.

Goal The goal is to help the character reach the cat statue by leaving

directions for how to move between the signposts placed on the grid.

Rope pieces Rope pieces are located on the left side of the screen. Rope pieces are
(w] used to identify the rope path to the statue. Players must use the grid

44 size as a guide for determining both the size and the number of rope
= W pieces to use.

The number and size of available rope pieces change across levels.

The up and down arrow buttons to the left of the rope pieces are used
to change the size of rope pieces.

Figure 3.1: Snapshot of the Save Patch game
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additions. They are designed to measure the impact of the games on students’ fraction knowledge

[33].

3.2 Problem Formulation

In this section, the problem formulation and the prediction algorithm using the HMM are discussed.
Prediction begins by dividing the students according to their score in the questions targeted by the
SP game in the posttest into two classes: Class 1 consists of 433 students and are those who score
low, and Class 2 consists of 421 students and are those who score high in those questions. This
is because there are multiple different trajectories as students go through different levels of the
game; hence students with more similar trajectories should be trained with each other. Each class
is trained separately using the HMM, and the optimal parameters are determined by the model
selection algorithms, which were explained in chapter 2. Testing or decoding is done by running
the Viterbi algorithm on the observation sequences.

The research questions investigated in this section are 1- Can educational video games be used
to predict student performance in a test? 2- Can the hidden Markov model be used as a reliable tool
to predict student mastery levels using game data? 3- Can trajectories from the game provide useful
information that cannot be obtained by examining the postest? The prediction problem using the
HMM is solved as follows: Hidden states are defined to be the students’ mastery levels, and the
goal is to predict their final mastery level as they go through different levels of the game. This can
be formulated as predicting the final mastery level S given all the past mastery levels (s1, Sa, ...S,,).

The following techniques can be used to perform the prediction.

1. Naive: This is the most basic method in which the predicted value is simply equal to the last

observed value of the time series.

S—s, 3.1)

2. Linear averaging: This means that the final predicted value is the average of all the other
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mastery levels.

S _ Zii’f S;

n

(3.2)

One extension to this method is to perform averaging over a window of time length p, which

means to consider only the most recent p values.

S s
i=n—p+1 Si

p

§— (3.3)
Another extension of this method is the exponential smoothing. The idea is to perform the

linear averaging by choosing larger weights for the most recent values and smaller weights

for the distant values. This is described by the following formula:

A

S =as, +a(l —a)s,_1 +a(l—a)s, o+ ..

0<a<l1 (3.4)

Equation(13) can also be written recursively as follows:

~

Sp=as, + (1 — oz)gn_l

0<a<l1 (3.5)

. Mode: This means that the final mastery level is the mastery level that appears most in the

sequence. Mathematically this can be represented as follows:

S = argmaxz 1(S; =7) (3.6)
I=

To learn more about the exponential smoothing method, refer to the background materials in chap-

3.3 Results and Discussions

In this section, the results for the prediction task described in the last section are presented and

discussed. The prediction is done by the DHMM by discretizing the observations to a certain num-

ber of bins using the domain knowledge or the k-mean algorithm [35]. Since the HMM training is
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done using expectation maximization (EM), and EM might converge to the local optimum instead
of the global optimum, multiple initial conditions are used to test the algorithms and the best model

is selected using the AIC or BIC. The prediction is performed under the following cases:
1. The total number of attempts per level is used as the observations.
2. The total number of moves per level is used as the observations.

Case 1: Total number of attempts per level is used as the observation.

The observations are discretized (DHMM) to four levels according to the following rules: 1
or 2 attempts per level is label 1; 3 or 4 attempts is label 2; 5,6 or 7 attempts is label 3, and
anything above is label 4. According to the Tables 3.1 and 3.2 that provide the results for the
model selections using the BIC algorithm, training is done by assigning the number of states (Q)
to be 3 with the initial condition to be 35 for the class 1 and Q=2 with initial condition=26 for the
class 2. The goal is to train two separate HMMs with the above parameters for class 1 and class 2
and make the prediction of the final mastery level and compare it to the class label.

For instance consider the following examples in Tables 3.3, 3.4 and 3.5.

Class 1: Table 3.3 shows an example of a game trajectory for a student who finishes four levels
of the game and obtained 1.5 out of 8 in the posttest. For class 1 students, 1 in the “State Sequence”
column indicates the lowest mastery level, and 3 indicates the highest mastery level. Since there
are 3 states, scores in the [2,3] are mapped to label 2, and scores in the [1,2) are mapped to label 1.
The following cases illustrate how the final mastery level is calculated using the methods discussed

in the last section.

~

1. Naive: S = s4 = 1. This method ignores all the past states and makes the predicted value to

be the most recent state.

2. Average: S5 = 14l

= 1. This method assigns equal weight to each state and could be
the best prediction method for the game since levels of the game are independent of each

other and should be treated separately.
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3. Mode: S = 1. This method predicts the final value to be the state that is repeated the most.

Table 3.4 shows another example of comparison between the posttest and the state trajectories

for the class 1 students. The final prediction for this student is done as follows:

1. Naive: S = s,5 = 1. This method predicts the class label correctly but it ignores all the past

states and does not take any past performance into account.

2. Average: ==

3. Mode: S = 1. The predicted label using this method is also 1, since 1 is repeated more than

any other states.

i=42
21 % _ 18] Since 1.81 is less than 2 therefore the predicted label would be 1.

Table 3.1: BIC for Class 1 in Case I

Row Number | Initial Condition | BIC | Number of States
1 1 21885 2
2 26 21720 3
3 35 21636 3
4 55 21709 3
5 64 21779 4
6 100 21880 2

Table 3.2: BIC for Class 2 in Case [

Row Number | Initial Condition | BIC | Number of States
1 1 17716 2
2 26 17538 2
3 35 17541 4
4 55 17557 3
5 64 17631 4
6 100 17726 2

Table 3.3: HMM Trajectory for class 1 student in Case I

ID

Posttest

State Sequence

1994

1.5

1111
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Table 3.4: HMM Trajectory for class 1 student in Case I

ID | Posttest State Sequence
1764 2.5 1111111111111111233333
33333333333211111111

Table 3.5: HMM Trajectory for class 2 student in Case I

| ID | Posttest | State Sequence
1564 6.5 2222122222222221222222222222
222222222122222121221

Class 2: Table 3.5 shows an example of a student with ID 1627 in class 2 who scored 6.17
out of 8 in the posttest and completed 49 levels of the SP game. Scores in the [1.5,2] are mapped
to label 2 and scores in [1,1.5) are mapped to label 1. The final prediction for this student is as

follows:

1. Naive: S = sg9 = 1. Since 1 < 1.5, the predicted label is 1. This is an example of

forecasting error since only the last state is used for the prediction.

2. Average: %ggsi = 1.88. Since 1.88 is greater than 1.5 the predicted label would be 2.

3. Mode: S = 2. Since 2 > 1.5 the predicted label is 2.

Table 3.6 summarizes the accuracy for the various methods discussed in the last section by
comparing the class label to the predicted value from the state trajectory. According to Table 3.6
the best prediction accuracy for class 1 is for the naive method and the best prediction accuracy
for class 2 is for the average and the mode methods. Among all the prediction methods described
in the last section, the average method is the most reliable one; this is because the naive method
only accounts for the most recent mastery level and ignores all the past values. This cannot be a
reliable method for the prediction using a game since different levels of the game have different
game mechanics and difficulties. Therefore, every level should make a contribution to the final

prediction. The average method is also more informative and provides more detail than the mode
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Table 3.6: Prediction Accuracies for various Methods in Case I

Method | Class I Accuracy | Class II Accuracy
Naive 97.48% 86.09%

Average 86.55% 100%
Mode 86.55% 100%

method. To better understand this consider the following cases for two different students whom

each finish five levels of the game:

* Student A trajectory is 11222.

* Student B trajectory is 22222

For both students A and B the predicted label is 2 using both the mode and the average methods.
However, for the student A the score using the average method is 1.6 while for student B the score
using the average method is 2. This shows that student B has a better performance that student A
in the game. This information cannot be gained using the mode method since in both cases the
state 2 is repeated the most.

Case II: Total number of moves per level is used as the observations.

The observations are discretized to four levels according to the following rule: An expert plays
all the levels of the game, and the total number of moves to finish each level is recorded, then
there is a @ = 1.5 which can be called as a compensation factor which compensates for the game
mechanics and the game difficulties. The compensation factor is chosen by comparing the students’
total number of moves per level and the expert’s total number of moves per level. This comparison
results in the o = 1.5 as the most reasonable candidate. The compensation factor is then multiplied
by total moves per level for the expert, and the observations are discretized according to this rule
per level since different levels might have different difficulties. According to the Tables 3.7 and
3.8 the training is done by letting the number of states to be 3 for both class 1 and 2 and the initial
conditions to be 35 for the class 1 and 26 for the class 2. A similar analysis to the case I is done

here to predict the final mastery level.
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Table 3.7: BIC for Class 1 in Case II

Row Number | Initial Condition | BIC | Number of State
1 1 25895 2
2 26 25850 7
3 35 25596 3
4 55 25613 3
5 64 25682 4
6 100 25872 2

Table 3.8: BIC for Class 2 in case II

Row Number | Initial Condition | BIC | Number of State
1 1 24462 2
2 26 24206 3
3 35 24239 4
4 55 24231 3
5 64 24315 4
6 100 24456 5

Table 3.9: HMM Trajectory for class 1 student in Case II

ID

Posttest

State Sequence

1768

3.88

211111111111111123333333333
333333333211111111111

For instance consider the following examples in Tables 3.9 and 3.10.

Class 1: Table 3.9 shows an example of a class 1 student with ID 1768 who scored 3.88 out 8 in
the posttest. The predicted mastery level using all three methods is 1. This is because 1 is repeated
more than other states, the most recent state is 1 and the average value of the state trajectory is
1.85 which is less than 2. Although all three methods predict the final mastery level correctly, the
average method is more informative since it provides more detail that the given student has done
well on some levels since his score is close to the boundary between the class 1 and the class 2.

Class 2: Table 3.10 shows another example where the naive method can make an incorrect
prediction. The mode or average methods predict the final mastery level to be 2 while the naive

method predicts the final value to be 1 since the most recent state is 1.
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Table 3.10: HMM Trajectory for class 2 student in Case 11

ID
1573

Posttest
7.5

State Sequence
222333333333333123333333123333
33123333122233123331

Table 3.11: Prediction Accuracies for Various Methods in Case 11

Method | Class I Accuracy | Class II Accuracy
Naive 89.92% 92.17%

Average 75.63% 100%
Mode 76.47% 100%

Table 3.12: Statistical Results for Average Method

Casel Case II

Accuracy 93.16% 87.61%
Recall Class 1: 86.55% | Class 1: 75.63%
Class 2: 100.0% | Class 2: 100.0%
Precision | Class 1: 100.0% | Class 1: 100.0%
Class 2: 87.79% | Class 2: 79.86%
FiScore Class 1: 92.79% | Class 1: 86.12%
Class 2: 93.50% | Class 2: 88.80%

AUC Score 0.8644 0.8818

Table 3.11 presents the prediction accuracies for various algorithms for the class 1 and the
class 2 students. According to Table 3.11 the highest prediction accuracy for class 1 is for the
naive method and for class 2 is for the average and mode methods. Similar to case I, it can be
argued that the average method is better than naive and is more informative than the mode method.

Other metrics that are widely used in evaluating a model are recall, precision, accuracy, F; and
AUC scores. Table 3.12 summarizes the results for the average method for both class 1 and class
2 students under both case I and case II. High values of accuracy, recall, precision, F; and AUC
scores under both case I and II suggest that the proposed method can perform strong prediction
of student mastery levels. It is important to note that since accuracies are high for all prediction
methods and are obtained from the sufficiently large test sample size, then it is safe to claim that

results are statistically significant.
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One important topic that needs more attention is the confounding variables. They are defined
as the variables that affect both the independent and dependent variables, and if not controlled
properly, they might change the results of experiments. For example, the transfer of knowledge
between the game and the posttest is a confounding variable. Transfer of knowledge is the appli-
cation of the previously learned skills in a new domain. This can be the main reason why accuracy
for class 1 is lower than class 2 students since class 1 students could have a harder time connecting
the game concepts to the posttest. Game mechanics and the difficulty of the different levels are
other confounding variables in the SP game. However, there might be other confounding variables
that are hard to control and might cause the change in the exam score such as students’ interest,
family situation, health and many more. Since in this study a retrospective analysis of the data was

conducted, it was not possible to query such factors.

3.4 conclusion

In this section, the HMM algorithm is used to predict the students’ final mastery level, given their
performance in various levels of the game. It was shown that despite various confounding variables
affecting the students, the HMM can be used as a promising solution in educational environments
to model students’ actions and make the prediction throughout the game.

The results indicate that examining time series data from the game can lead to dynamic evalu-
ation of student mastery levels throughout the time which cannot be obtained by examining only
the posttest. This can be useful to make a timely intervention and provide efficient feedback. In
particular, such dynamic analysis can enable students to be guided through a sequence of concepts
that build on each other, thus enabling learning at their own pace. It can also be used to target
human intervention for students who are struggling.

While for this study there was no ground truth to quantify student attainment throughout the
game, the strong prediction of final mastery level shows that there is considerable promise in
applying the HMM to this purpose. A focus of the future research will be on how to design the

interactive game experience to enable such inferences to be of high quality.
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Chapter 4

TSBNGEN: SYNTHETIC TIME SERIES DATA
GENERATION USING ARBITRARY DYNAMIC BAYESIAN

NETWORK STRUCTURES

Real-world data collection and labeling are time-consuming and error-prone tasks that can take
up to years to finish. Furthermore, some real-world data, due to its confidential nature, cannot
be distributed or analyzed. Moreover, many modern algorithms, such as neural networks, require
a large amount of data for efficient training. For example, in [36], the authors show that under
limited data, a more classical algorithm such as a hidden Markov model (HMM) can outperform
the long short term memory (LSTM) algorithm.

Scientists and researchers have proposed various methods to generate synthetic data such as
[371, [38] and [39] using generative adversarial network (GAN). In [39], the authors proposed
a Recurrent GAN (RGAN) and Recurrent Conditional GAN (RCGAN) to produce realistic real-
valued multi-dimensional time series data. Although the GAN has numerous image processing
and computer vision applications and produces satisfactory results, it suffers from the following
limitations: 1- It is hard to train 2- it is sometimes unstable and might not never converge. 3- It is
significantly harder to train for text than images. 4- It generally requires lots of data for training
and might not be a good choice when there is limited or no available data.

In this section, the tsBNgen package is introduced. tsBNgen is a Python package to generate
synthetic time series data according to arbitrary dynamic Bayesian network structures [17]. The
package, along with its documentation, can be downloaded from https://github.com/manitadayon/tsBNgen

(tsBNgen).
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The motivation behind implementing this package is three folds: 1- Designing a model-based
technique to generate synthetic time series data since the prior work mainly focused on data-driven
approaches that required a large amount of data to start with. 2- It automates the data generating
and sampling process once the structure of the network is known. This is especially useful if
there is a mixture of discrete and continuous nodes and the covariates are high dimensional. 3-
It allows more complex models to be studied. This will be used in future chapters to study more
sophisticated sequential models than the HMM. For example, this package is suitable for testing
deep learning models since it can generate an arbitrary number of observations with an arbitrary

number of time points per observation.

4.1 Features and Capabilities

tsBNgen is an open-source Python library released under MIT license. It generates time series data
corresponding to any Bayesian network structures. The following is the list of supported features

and capabilities of the tsBNgen.

Easy and simple interface.

Support for discrete, continuous, and hybrid networks (a mixture of discrete and continuous

nodes).

* Supports an arbitrary number of nodes with any interconnections.

Use multinomial distributions for discrete and Gaussian distributions for continuous nodes.

Supports arbitrary loopback values for temporal dependencies.

Easy to modify and extend the code to support for the new structure.

Loopback is defined as the length of temporal dependency. For example, loopback of one

means node at time ¢ is connected to some nodes at time ¢+1.
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4.2 Instruction

To use tsBNgen, either clone this repository tsBNgen or install the software using the following

commands:
pip install tsBNgen

After the software is successfully installed. Import necessary libraries and functions as follows.

from tsBNgen import =

from tsBNgen.tsBNgen import =

The above two lines import all the functions for tsBNgen. Next, we review an example of how
to use tsBNgen to generate an arbitrary DBN structure. Before going over an example, we need to
define some notations.

T = Length of each time series.

D = Dimension of time series.

N = Number of samples

Uio, Ui, .- Uyr = Time series for node ¢

N,; = Number of possible symbols for node 7 (if it is discrete).

4.2.1 Example 1

This Example refers to the figure 4.1, which is the diagram of an HMM in which wgg, ©o1, ..., uor
refer to the state sequence and g, 111, ..., uor refer to the observations. The following table sum-
marizes the setting and configuration corresponding to this model.

The conditional probability distributions (CPDs) for this network are listed in Tables 4.2,4.3,

and 4.4. The code to model and generate data for figure 1 is as follows:

import time
START=time.time ()

T=20
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Table 4.1: Parameter Setting for Example 1

Architecture Value
T 20
N 1000
Loopback 1

# of discrete nodes per time step 1
# of possible levels for node wug per time point 4
# of continuous nodes per time step 1

01 02

v

Figure 4.1: Synthetic Time Series Data Under Example 1

N=1000

N_level=[4]

Mat=pd.DataFrame (np.array (([0,1]1,[0,0]1))) # HMM
Node_Type=['D','C']
CPD={'0':[0.25,0.25,0.25,0.25],'01":{'mu0"':20, "sigmal':>5,

'mul':40, 'sigmal':5, 'mu2':60, '"sigma2':5, 'mu3':80, 'sigma3':5}}
Parent={'0":[],"'"1"':[0]}
cCpD2={'00':[[0.6,0.3,0.05,0.05],10.25,0.4,0.25,0.1],1[0.1,0.3,0.4,0.271,
[0.05,0.05,0.4,0.5]1,'01":{'mu0"':20, "'sigmaO':5, 'mul':40, "sigmal':5,

'mu2':60, 'sigma2':5, 'mu3':80, 'sigma3':5
)
loopbacks={"'00":[11]}
Parent2={'0"':[0],'1":[0]}
Time_seriesl=tsBNgen (T,N,N_level,Mat,Node_Type,CPD,Parent,CPD2,Parent?

, Loopbacks)
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Table 4.3: CPD for Time Step ¢ to {1

Uot—1 | Uot P(U0t|U0t71)
1 1 0.6
2 1 0.3
3 1 0.05
Table 4.2: CPD for Initial 4 1 0.05 Table 4.4: CPD for the Continuous
Time | 2 0.25 Node
ugo | P(ugo) § ; 00'245 uy | @l o
1 0.25 7] 7 0 0 1 |20 5
2 0.25 ] 3 0'1 2 14015
3 0.25 3 3 0:3 3 16015
4 0.25 3 3 04 4 18015
4 3 0.2
1 4 0.05
2 4 0.05
3 4 0.4
4 4 0.5

Time_seriesl.BN_data_gen ()
FINISH=time.time ()

print ('Total Time is',FINISH-START)

The above code generates a 1000 time series with a length of 20 correspondings to states and
observations. Observations are normally distributed with a particular mean and standard deviation.
The states are discrete (hence the 'D’) and take four possible levels determined by the N_level
variable. The loopbacks is a dictionary in which each key has the following form: node+its parent.
Since in architecture 1, only states, namely node O (according to the graph’s topological ordering),
are connected across time and the parent of node 0 at time t is node 0 at time ¢ — 1; therefore, the
key value for the loopbacks is 00’ and since the temporal connection only spans one unit of time,
its value is 1. Node_Type determines the categories of nodes in the graph. For example, the first
node is discrete ("’D’), and the second one is continuous (’C’). Mat represents the adjacency matrix
of the network. The total time is 2.06 (s), and running the model through the HMM algorithm gives
us more than 93.00 % accuracy for even five samples. Now let’s take a look at a more complex

example. From now on, to save some space, I avoid showing the CPD tables and only show the
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Figure 4.2: Synthetic Time Series Data Under Example 2

architecture and the python code used to generate data.

4.2.2 Example 2

Example 2 refers to the architecture in figure 4.2, where the nodes in the first two layers are discrete
and the last layer nodes(us) are continuous. Based on the graph’s topological ordering, you can
name them nodes 0, 1, and 2 per time point. Let’s say you would like to generate data when node
0 (the top node) takes two possible values (binary), node 1(the middle node) takes four possible
values, and the last node is continuous and will be distributed according to Gaussian distribution
for every possible value of its parents. The following python codes simulate this scenario for 2000

samples with a length of 20 for each sample.

T=20

N=2000

N_level=[2,4]

Mat=pd.DataFrame (np.array (((0,1,11,[10,0,11,10,0,071)))
Node_Type=['D', 'D', 'C"']

cpD={'0':[10.6,0.4],'01"'":17[0.5,0.3,0.15,0.057,10.1,0.15,0.3,0.45711,
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'012":{'mu0"':10, "sigmalO':2, 'mul':30, "sigmal':5, 'mu2':50, "sigma2':5,
'mu3':70, "sigma3':5, 'mud':15, 'sigmad"':5, 'mu5':50, 'sigmab5':5, 'mu6':70,
'sigma6':5, 'mu7':90, 'sigma7"':3

}}

Parent={'0":[],'1"':[0],"'2":[0,11}
cpD2={'00':[[0.7,0.31,10.2,0.811,'0112"':[[0.7,0.2,0.1,01,
[0.6,0.3,0.05,0.051,1[0.35,0.5,0.15,07,10.2,0.3,0.4,0.1]1,[0.3,0.3,0.2,0.27,
(0.1,0.2,0.3,0.4], [0.05,0.15,0.3,0.5],10,0.05,0.25,0.711,
'012":{'mu0"':10, "'sigmalO':2, 'mul':30, "sigmal':5, 'mu2':50, "sigma2':5,
'mu3':70, "sigma3':5, 'mud':15, 'sigmad"':5, 'mu5':50, 'sigmab':5, 'mu6':70,
'sigma6':5, 'mu7':90, 'sigma7"':3

)

Parent2={'0"':[0],"'1"':[0,1],'2"':[0,11}

loopbacks={"'00":[1], "11":[11}

Time_series2=tsBNgen (T,N,N_level,Mat,Node_Type, CPD,Parent,CPD2,
Parent2, loopbacks)

Time_series2.BN_data_gen|()

As the above code shows, node 0 (the top node) has no parent in the first time step (This is what
the variable Parent represents). This is sometimes known as the root or an exogenous variable in
a causal or Bayesian network. Node 1 is connected to node 0, and node 2 is connected to both
nodes O and 1. To represent the structure for other time-steps after time 0, the variable Parent?2 is
used, which says node 0 is connected to itself across time (since ‘00’ is [1] in loopbacks). Node
1 is connected to node O for the same time and to node 1 in the previous time. Since tsBNgen
is a model-based data generation, you need to provide the distribution (for exogenous node) or
conditional distribution of each node. If you would like to generate synthetic data corresponding
to architecture with arbitrary distributions, you can choose CPD and CPD?2 to be anything you like

as long as the sum of entries for each discrete distribution is 1.
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Figure 4.3: Synthetic Time Series Data Under Example 3

4.2.3 Example 3

Example 3 refers to the architecture in figure 4.3, where the nodes in the first two layers are discrete
and the last layer nodes(us) are continuous. Assume you would like to generate data when node
0 (the top node) is binary, node 1(the middle node) takes four possible values, and node 2 is
normally distributed for every possible value of its parents. The following python codes simulate

this scenario for 1000 samples with a length of 10 for each sample.

T=10
N=1000
N_level=[2,4]
Mat=pd.DataFrame (np.array (((0,1,01,[0,0,1]1,[0,0,0]1)))
Node_Type=['D','D','C'"]
CpD={'0':[10.5,0.5],'01":[[0.6,0.3,0.05,0.051,[0.1,0.2,0.3,0.4711,"'12":{
'mu0':10, 'sigmaO':5, 'mul':30, '"sigmal':5,

'mu2':60, 'sigma2':5, 'mu3':80, "sigma3':5}}
Parent={'0":[],'1":[0],"2":[1]}

cep2={'00':110.7,0.31,10.3,0.711,'0021"'":7170.7,0.2,0.1,01,[0.5,0.4,0.1,0]
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,(0.45,0.45,0.1,0], [0.3,0.4,0.2,0.11,[0.4,0.4,0.1,0.11,10.2,0.3,0.3,0.27,
(0.2,0.3,0.3,0.2],10.1,0.2,0.3,0.41,10.3,0.4,0.2,0.11,[0.2,0.2,0.4,0.2],
(0.2,0.1,0.4,0.3],10.05,0.15,0.3,0.51,10.21,0.3,0.3,0.31,1[0,0.1,0.3,0.061,
(0,0.1,0.2,0.71,10,0,0.3,0.711,'"112":{"'mu0"':10, "sigmal':2, 'mul':30,
'sigmal':2, 'mu2':50,'sigma2':2, 'mu3’':60, 'sigma3':5, 'mu4d':20, 'sigmad':2,
'mub':25, 'sigma5':5, 'mu6':50, 'sigma6':5, 'mu7':60, 'sigma7':5,
'mu8':40, '"sigma8':5, 'mu9':50, 'sigma9':5, 'mul0':70, 'sigmalQ"':5,
'mull':85, "sigmall':2, 'mul2':60, 'sigmal2':5,
'mul3':60, "'sigmal3':5, 'muld':80, 'sigmald':3, 'mul5':90, 'sigmalb5':3}}
Parent2={'0':[0],"'1':[0,0,17,'2":[1,11}
loopbacks={'00":[1], 'O1'":[17],'"11':[1],"'12":[11}
Time_series2=tsBNgen (T,N,N_level,Mat,Node_Type, CPD,Parent,CPD2,
Parent?2, loopbacks)

Time_series2.BN_data_gen ()

In the same way, you can generate time series data for any graphical models you want.

4.3 Conclusion

In this section, we introduced the tsBNgen, a python library to generate synthetic data from an arbi-
trary Bayesian network. We discussed the features and capabilities of our software. We discussed
how to use the software using three examples. For more examples, up-to-date documentation, and

instructions, please visit the GitHub page at https://github.com/manitadayon/tsBNgen.
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Chapter 5

COMPARATIVE ANALYSIS OF THE HIDDEN MARKOV

MODEL AND LSTM

The fundamental challenges in time series and sequential data analysis are: 1- Observations at
different points in time are correlated. 2-order of observations in time matters. This makes some
of the algorithms that change or permute the order of data unusable. Scientists and researchers have
done extensive research in time series analysis, such as [40], [41],[42],[43]. They have borrowed
tools from various domains, such as graphical modeling, statistics, and machine learning to model
and forecast the time series data. In [44], the authors used ARIMA to make predictions of the
stock market. In [40], authors used deep learning, specifically LSTM, to predict multivariate time
series data. They showed that even simple LSTM architectures can make an accurate prediction
of future values. In [42], the author combined ANN and ARIMA to design a hybrid methodology
to model time series data. In [43], the author used machine learning, specifically a support vector
machine (SVM), to predict the stock market index.

Deep learning has been used extensively in various applications. For instance, LSTM, a variant
of the recurrent neural network, has been successful in modeling the sequence data in recent years.
For example it is widely used in the natural language processing (NLP) to model sequences [45],
[46]. Despite their effectiveness and their numerous applications, neural networks, in general, suf-
fer from the following problems: 1- They require a massive volume of (labeled) data for training.
2-The number of trainable parameters, even for a simple model, is huge. 3- Since they have a huge
number of parameters, the models are not easily interpretable. For these reasons, simpler models
with fewer parameters are usually preferred if the performance degradation is negligible.

Advances in statistics and optimization allow researchers to develop various algorithms from
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graph theory and Bayesian learning such as [47], [48], [49] to design sophisticated graphical mod-
els for better inference and learning. However, the more complex the model, the more computa-
tionally difficult inference and learning become. HMM and its variants such as [50], [51] have been
successfully used in applications with latent variables. This is due to the tree structure of its graph,
which makes the inference and learning very efficient.par In this section, we compare HMM and
LSTM in terms of performance, the number of trainable parameters, and how much data is needed
for training using synthetic data corresponding to various graph structures. The data is generated
by the tsBNgen package explained in chapter 4. The contribution of this chapter is twofold: 1-
Comparing LSTM to both supervised and unsupervised HMM in terms of performance and com-
plexity. 2- Proposing some methods to efficiently convert continuous HMM to discrete HMM by

discretizing the observations.

5.1 Dataset

In this section, We create the synthetic data corresponding to different dynamic Bayesian network
(DBN) structures. We proposed three DBN structures with various levels of complexity. The
following are the parameters and notations for the synthetic data:

T' = Length of each time series.

D = Dimension of time series.

N = Number of samples (time series)

S1, S, ..., ST = sequence of discrete states.

Ui1, Uio, ... U;p = sequence of input i.

O;1, O;s, ...O;r = sequence of observations 1i.

N,; = Number of symbols for input ¢ (if it is discrete).

N, = Number of symbols for state 7 (if it is discrete).

Case I: we generate a structure shown in figure 5.2 with two confounding variables (inputs) and
two continuous observations per time point. For this case, N = 2000, 7' = 50, D = 2, N, = 3,

N,1 and N, are both 2.
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Case II: we generate a structure shown in figure 5.3 with one input variable and one continuous
observation per time point. This is more complex than the case I since inputs are connected across
time in addition to states. Moreover, the input is connected to observation and state per time point.
For this case, N = 2000, 7' =20,D =1, N, =4, N,; = 2.

Case III: we generate a structure shown in figure 5.4 with one input variable and one continuous
observation per time point. This is the most complex case since input at time ¢ is connected to state
at time ¢ and input and state at time ¢ + 1. Moreover, the state at time ¢ is connected to state at time
t + 1 and both observations at time ¢ and ¢+1. For this case, N = 1000, 7 =10, D = 1, N, = 4,
Ny = 2.

Case IV: we generate a structure shown in figure 5.5 with one input variable and one continuous
observation per time point. This is a more complex version of case II since the state at time ¢ is
connected to the state at time ¢ + 1 and the state at time ¢ + 2. For this case, N = 2000, T = 20,
D=1, Ny=4,N, = 2.

For all these cases, a multinomial distribution is used to model discrete nodes, and a Gaussian
distribution is used to model continuous nodes.

This method of generating time series has the advantage that parameters of the time series such
as the dimension, length, number of samples, distribution of each node, and graph structures can

be arbitrarily chosen.

5.2 Problem Formulation

In this section, the problem formulation and the prediction algorithms are discussed. The procedure

to train and test the LSTM is as follows:

1. Pick a training ratio as the amount of data used for training.

2. Perform transformation on data to scale it to [0,1] range.

3. Perform model selection to find the optimal parameters.

4. Test the model on the test (unseen) data.
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5. Keep reducing the training ratio and perform steps 1 to 4 again.

Figure 5.1 shows the architectures used for LSTM training: The procedure to train and test the

Inputl: InputLayer

Inputl: InputLayer
Y
LSTMI1: LSTM
Y
LSTMI1: LSTM
A |
LSTM2Z: LSTM
Y
Dense Final: Dense
Y
(a) Model 1 Denze Final: Dense
(b) Model2

Inputl: InputLayer

bidirectional 2(Bidirectionall}: Bidirectional(LSTM)

Y

Dense Fmal: Densge

(c) Model3

Figure 5.1: LSTM Architectures for Time Series Data

HMM is as follows:

1. Pick a training ratio as the amount of data is used for training.

2. Perform model selection to find the optimal parameters.

3. Train model with parameters from step 2.

4. Perform the testing by applying the Viterbi algorithm on test data.

5. Perform state mapping

48



6. Keep Reducing the training ratio and perform steps 1 to 5 again.

The above procedure works very well for the HMM if there is one feature but if there are more
than one feature then a more reasonable method to approach the prediction problem is as follows.
First, find the correlation between the features. Second, train one HMM for each set of features
that have positive correlation with each other. Third, combine the predictions together.

The differences between discrete hidden Markov model (DHMM) and continuous hidden
Markov model (CHMM) lie in the input and how data is modeled. CHMM can be converted
to the DHMM problem by discretizing the observations. The critical question is how to perform
discretization in order not to degrade the predictive performance. In this section, we propose the

following:

1. Network structure is the same through time: Since the network structure is unchanged
throughout time and number of nodes, their distributions, and confounding variables remain
the same. Then time series for different samples can be concatenated to create a long vector,

and discretization by domain knowledge or K-means can be performed on this vector.

2. Network structure is varying through time: In this case, we perform the discretization per
time slice. This is because node distribution, interconnections, and confounding variables are
changing from time to time, and it would not be meaningful to concatenate the time series.
For example, consider that the observation corresponds to how long it takes to finish the
levels of a game. Different levels have different difficulties, game mechanics, and narratives.
Therefore, if some levels are more straightforward than others, then they are expected to take

less time, which should be taken into consideration during discretization.

The first case above is used more often than the second one in modeling time series and sequential
data since it reduces the inference and learning complexities. This is because it allows us to use
dynamic programming to find the estimate of the parameters iteratively while if a network structure
is changing with time, a new set of equations is needed to update and estimate the parameters. This

section aims to measure the trade-off between predictive accuracy and the complexity of HMM
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and LSTM. We use CHMM for unsupervised HMM, DHMM for both the supervised HMM and
unsupervised HMM. K-means clustering is also used for the discretization. We find the number
of trainable parameters for LSTM using simulation. The following are the equations to find the
number of parameters in CHMM with diagonal covariance matrix (although the procedure for

other cases is very similar) and DHMM.

* CHMM with a diagonal covariance matrix:
C=MsxM-1)+Msx(N—1)+(N«M)*D+(MxN*xD)+M-—1 (5.1)

where M is the number of states, /V is the number of mixture components, and D is the

dimension of time series.

e DHMM:
C=Mx(M-1)+Mx(N—-1)+(M-1) (5.2)
where M is number of states, N is number of symbols.

It is worth noting that to measure the accuracy of unsupervised HMM (parameters learned from

EM), we set the number of states to be N s and find the optimal number of mixture components.

5.3 Results and Discussions

In this section, we present and discuss the results for the comparison of HMM and LSTM.

Case I

This case corresponds to figure 5.2 and consists of two continuous observations. This can be a
simple model of student learning, in which Sy, S5, ..., S corresponds to student mastery levels and
uij, J = 1,2,3,...T corresponds to study habit (it has two levels corresponding to bad and good)
and ugj, j = 1,2,3,...T corresponds to other factors (like the personal issues, interest,...) and
observations can correspond to time to finish an assignment and the assignment score. Tables 5.1
and 5.2 summarize the prediction accuracy and the number of parameters for the LSTM and HMM

as a function of the training ratio. It is worth noting that N=2000 is the total number of time series.
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Therefore training ratio of 0.8 results in 1600 time series for training and 400 time series for testing.
The length of each time series is 50. To train the LSTM model, we usually concatenate the samples,
which means we will have 50 % 1600 = 80000 samples. In Table 5.1 for training ratio=0.8, 0.3, 0.1,
the optimal parameters are as follows: the number of neurons in the hidden layer is 8, the optimizer
is Adam, and the batch size is 4. The optimal parameters for training ratio =0.005 and 0.001 are
the same, except the number of neurons in the hidden layer is 32. As Table 5.1 demonstrates the
prediction accuracy for unsupervised HMM even for two time series (2 x 50 = 100) samples is
very accurate. Both DHMM and CHMM are outperforming LSTM when the number of samples
is low. HMM has a significantly lower number of parameters than a simple one layer LSTM. The
correlation between the two observations is —(0.87, which shows they are negatively correlated.
Therefore two different HMMs will be trained, one for each set of observations, and the final
prediction will be a combination of both of them. This method has an advantage that predictions
can be weighted with greater weights to more important observations. The unsupervised DHMM
provides accuracy comparable to the unsupervised CHMM, which shows that if the discretization
is done correctly, there is not much information loss.

We observe that although under case I, there are two confounding variables per time step,
Markov’s assumption for states hold and observations are conditionally independent. To make
enough samples for HMM and LSTM prediction, instead of increasing the number of cases (/V),
we can increase the length of time series (7). This is a crucial observation since, in many domains
such as education, it is hard to have a large number of time series and sequence data, but it is
rather easier to increase the length of time series. Here we generate synthetic time series, and
so we have access to labels (states); therefore, we should manually set the number of states and
find the optimal number of mixture components, which is less optimal to perform model selection
over states and mixture components. Finally, if discretizing is done correctly, i.e., finding the
optimal number of clusters, this can be used as an alternative solution to fit a Gaussian or mixture

of Gaussian distributions to data.
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Figure 5.2: Synthetic Time Series Under Case I

Table 5.1: LSTM Prediction Accuracy and Number of Parameters for Case I

Architecture | Number of Parameters | Training Ratio | Number of Training Sample | Accuracy(%)

0.8 80000 98.55
0.3 30000 98.34

Model 1 379 0.1 10000 98.1
0.005 500 93.63

4579 0.001 100 64.2

0.8 80000 98.4
0.3 30000 98.12
Model 2 971 0.1 10000 98.06
0.005 500 93.83

0.8 80000 98.25
0.3 30000 98.06
Model 3 755 0.1 10000 98.06
0.005 500 94.23

Case 11

This case corresponds to the figure 3 and is more complex than case 1 in terms of interconnection

between the nodes. In this network, the Markov assumption does not hold since

Sn—i—l AML Sn—l |Sn

The prediction procedure is similar to the case I and is summarized in Tables 5.3 and 5.4. As
Tables 5.3 and 5.4 show, the prediction accuracy for this case, especially for an unsupervised
HMM, is lower than the case I, and this is because the Markov assumption no longer holds for this

network. However, unsupervised HMM still provides a reasonable estimate and can outperform
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Table 5.2: HMM Prediction Accuracy and Number of Parameters for Case I

Model Type | Number of Parameters | Training Ratio | Number of Training Sample | Accuracy(%)
46 0.8 80000 93.89
Unsupervised 0.3 30000 92.24
CHMM 28 0.1 10000 88.50
0.005 500 84.01
0.001 100 81.23
0.8 80000 90.89
Unsupervised 23 0.3 30000 87.81
DHMM 0.1 10000 86.51
0.005 500 78.32
0.001 100 67.01
0.8 80000 96.78
Supervised 28 0.3 30000 96.39
DHMM 0.1 10000 96.12
0.005 500 96.12
0.001 100 96.12

LSTM when there are only 200 and 40 samples. The supervised HMM is done by first discretizing
the observations according to K-means to five clusters. The elbow and Silhouette methods are used
to verify the optimal number of clusters. Comparing the number of parameters between different
models suggests that the HMM is much more efficient and less complex than a simple one layer
LSTM. Moreover, the sub-optimal unsupervised HMM provides a reasonable prediction even when
the structure is not the tree, and the Markov assumption is not satisfied. As Table 5.4 shows again

there is not much loss in terms of prediction accuracy after discretizing the observation.

Figure 5.3: Synthetic Time Series Under Case 11

Case 111

This case corresponds to the figure 5.4 and is much more complex than cases I and II. In this
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Table 5.3: LSTM Prediction Accuracy and Number of Parameters for Case II

Architecture | Number of Parameters | Training Ratio | Number of Training Sample | Accuracy(%)
0.8 32000 88.75
0.3 12000 87.33
Model 1 356 0.1 4000 87.20
0.005 200 58.28
0.8 32000 88.52
0.3 12000 88.36
Model 2 900 0.1 4000 87.32
0.005 200 58.47
12804 0.001 40 33.46
0.8 32000 87.62
0.3 12000 87.23
Model 3 708 0.1 4000 87.19
0.005 200 62.47
8964 0.001 40 38.12

Table 5.4: HMM Prediction Accuracy and Number of Parameters for Case II

Model Type | Number of Parameters | Training Ratio | Number of Training Sample | Accuracy(%)
47 0.8 32000 75.21
Unsupervised 0.3 12000 74.5
CHMM 23 0.1 4000 72.14
0.005 200 70.04
0.001 40 74.12
0.8 32000 70.07
Unsupervised 27 0.3 12000 71.36
DHMM 0.1 4000 70.14
0.005 200 62.83
0.001 40 60.15
0.8 32000 88.91
Supervised 3] 0.3 12000 88.15
DHMM 0.1 4000 88.04
0.005 200 85.09
0.001 40 80.05

network, the Markov assumption is not satisfied. Tables 5.5 and 5.6 summarizes the prediction
accuracy and the number of parameters for this case. In this case, /N is 1000, and 7" is 10. Some
interesting observations from this case are:1- Lower prediction accuracies for the HMM and LSTM
for this case suggest that a more complex model is needed to model time series. 2- Adding more
layers to the LSTM does not necessarily increase the prediction accuracy but can significantly
increase the model complexities. 3- Unsupervised HMM, even when the number of states is not
optimal, can compete with the supervised HMM or LSTM.

Case IV

This case corresponds to the figure 5.5. In this network, the Markov assumption is not satisfied, and
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Figure 5.4: Synthetic Time Series Under Case II1

Table 5.5: LSTM Prediction Accuracy and Number of Parameters for Case I1I

Architecture | Number of Parameters | Training Ratio | Number of Training Sample | Accuracy(%)

0.8 8000 61.59

0.3 3000 58.36

Model 1 4484 0.1 1000 56.12
0.005 50 33.84

0.001 10 30.23

0.8 8000 62.33

0.3 3000 61.25

Model 2 12804 0.1 1000 59.51
0.005 50 34.78

0.001 10 29.10

0.8 8000 62.32

0.3 3000 61.12

Model 3 8964 0.1 1000 59.4
0.005 50 34.26

0.001 10 30.12

state dependencies are over two time steps. Tables 5.7 and 5.8 summarizes the prediction accuracy
and the number of parameters for this case. In this case, NV is 2000, and 7" is 20. Some observations
from this case are:1- DHMM provides comparable accuracy to CHMM if discretization is done

correctly. 2- Supervised HMM outperforms LSTM for a lower number of samples even when the

Markov assumption does not hold, and state dependencies are more than one step time.

Some observations from all these four cases are as follows: 1- HMM, unlike LSTM, can be
used in an unsupervised domain to model sequential and time series data. This is important es-
pecially since the amount of labeled time series is limited.2- HMM is a model-based generative

model that operates based on the first-order Markov assumption, however LSTM is a data-driven
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Table 5.6: HMM Prediction Accuracy and Number of Parameters for Case 111

Model Type | Number of Parameters | Training Ratio | Number of Training Sample | Accuracy(%)

35 0.8 8000 60.8

Unsupervised 0.3 3000 60.15
CHMM 23 0.1 1000 58.4

0.005 50 51.74

0.001 10 37.67

0.8 8000 60.95

Unsupervised 3] 0.3 3000 60.01
DHMM 0.1 1000 57.9

0.005 50 50.16

0.001 10 372

0.8 8000 61.32

Supervised 35 0.3 3000 60.10

DHMM 0.1 1000 60.10

discriminative model that can learn information from arbitrarily long time-steps. 3- HMM has
significantly fewer parameters than LSTM, which makes it easier to interpret.4- LSTM is a data-
driven method and needs lots of samples for efficient training.5- LSTM has a huge number of
hyper-parameters, such as the number of layers, batch-size, choice of the optimization method,
learning rate, and the number of neurons per layer. It is very hard, and there is no ground rule to
find optimal parameters in LSTM. 6- HMM is very sensitive to the initial condition due to the EM
algorithm; therefore, the model might never converge to the global optima. One way to overcome
this issue is to start the EM algorithm from multiple different initial conditions and choose the
model that optimizes some criteria. 7-Supervised HMM provides a very high prediction accuracy

even when the Markov assumption fails, and state dependencies are more than one time step.

Figure 5.5: Synthetic Time Series Under Case IV
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Table 5.7: LSTM Prediction Accuracy and Number of Parameters for Case IV

Architecture | Number of Parameters | Training Ratio | Number of Training Sample | Accuracy(%)

0.8 32000 82.97

0.3 12000 81.68

Model 1 4484 0.1 4000 80.54
0.005 200 36.84

0.001 40 34.33

0.8 32000 83.30

0.3 12000 81.92

Model 2 12804 0.1 4000 80.70
0.005 200 43.36

0.001 40 35.07

0.8 8000 82.90

0.3 12000 81.72

Model 3 8964 0.1 4000 81.01
0.005 200 40.07

0.001 40 33.89

Table 5.8: HMM Prediction Accuracy and Number of Parameters for Case IV

Model Type | Number of Parameters | Training Ratio | Number of Training Sample | Accuracy(%)
59 0.8 32000 68.4
Unsupervised 0.3 12000 66.2
CHMM 23 0.1 4000 63.47
0.005 200 61.12
0.001 40 58.12
27 0.8 32000 64.17
Unsupervised 35 0.3 12000 62.58
DHMM 27 0.1 4000 62.40
35 0.005 200 60.12
35 0.001 40 57.89
0.8 32000 83.89
Supervised 35 0.3 12000 83.77
DHMM 0.1 4000 83.11
0.005 200 81.36
23 0.001 40 50.91

5.4 Conclusion

In this section, we created synthetic time series corresponding to various DBN structures with dif-
ferent degrees of complexity. We calculated and compared the prediction accuracies and number of
parameters for the LSTM and supervised and unsupervised HMM. We showed that even an unsu-
pervised HMM can be a reliable method when the amount of labeled data is limited. Furthermore,
we showed that unsupervised DHMM can provide comparable prediction performance to unsu-
pervised CHMM when observations are continuous. We also showed that a supervised DHMM
outperforms LSTM and produces reliable and accurate predictions when the number of samples is

limited. We proposed a method to discretize the observation under two different scenarios, i.e., 1-
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The network structure is changing with time 2- network structure remains the same. The second

option is used in synthetic data generation as it significantly reduces the number of parameters.
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Chapter 6

CAUSAL INFERENCE FOR EXPERIMENTAL AND

QUASI-EXPERIMENTAL DESIGNS IN EDUCATION

In this section, first, we use causal DAG and graphical modeling frameworks to quantify the ex-
perimental and quasi-experimental studies. We study some well-known experimental and quasi-
experimental designs in education and discuss their limitations in terms of threats to internal and
external validities mentioned by [22]. Second, we propose more intelligent experimental designs
by collecting richer data from students by including questions on potential confounders in the di-
agnostic test and instructing the TAs and instructors to inquire during office hours about potential
confounders. Third, we propose to model the education system as time-varying treatments, con-
founders, and time-varying treatments-confounders feedback. We show that if we control for a
sufficient set of confounders and use appropriate techniques such as the marginal structural model
along with IPTW [52] or g-formula, which is the extension of Pearl’s backdoor criterion, we can
close a sufficient set of backdoor paths and derive the unbiased causal estimate of joint interven-

tions on the outcome.

6.1 Experimental Designs in Education

Experimental designs are designs where the researcher has complete control over the study. Their
main characteristic is randomization, where the participants are assigned to control and treatment
groups randomly. Perhaps the most well-known type of experimental design is the randomized
controlled trial (RCT). It assigns the participants to the control and the treatment groups randomly.
Hence, it will remove the confounding variables from the study. The ideal RCT (full compliance) is

considered the gold standard in medicine; however, in practice, participants might leave the study
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or do not comply with the treatment, which creates a bias in the study. Figure 6.1a demonstrates a
candidate DAG for the RCT under the non-compliance, where R is the instrument and denotes the
randomization to receive the treatment, X is whether you actually receive the treatment, L and W
are the confounders (They may be observed or unobserved), and Y is the outcome. For example, in
education, X can be either solving some problems, reading sections of a book, or getting a referral
to an expert; L and W are either the observed or unobserved confounders such as family issues,
socioeconomic status, prior knowledge and stress, and psychological problems. Y denotes the out-
come of interest, for example, the exam score. In figure 6.1a X is a collider, hence conditioning
on X will open the non-causal path R -+ X <~ L =Y and R - X < W = Y.

Figure 6.1b shows the same DAG but an ideal RCT, where the effect of confounding variables is
removed. In figure 6.1b, R and X are the same, since if you are randomized to receive the treat-
ment, then you will receive the treatment (Full-compliance)

However, even if the RCT is done with full compliance, it still suffers from the following limita-

tions:

* It is expensive. In education usually funding is limited, which makes the RCT not practical

as a tool for widespread use.

* It requires careful planning and correct strategy to keep participants in the study and perform

the correct randomization.

* It is unfeasible and unethical in many situations. For example, you may not be able to force

students to talk to the TA or visit a counselor.

Sequentially Multiple Assignment Randomized Trial (SMART) [53] is another type of experimen-
tal design that consists of randomization at each stage. Figure 6.2 shows a proposed SMART
design in education, where initially students are randomly assigned to three groups based on inter-
ventions they receive:1- Students who are recommended to solve some problems (SP), 2- Students
are recommended to talk to the TA (TT). 3 - Students who are recommended to talk to a counselor

(TC). Students then continue with the intervention for some duration, such as five weeks, and are
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(a)
(b)

Figure 6.1: a) DAG for a RCT with non-compliance. b) DAG for RCT with full compliance
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Figure 6.2: SMART data collection design in education

assessed after that. Those who respond to treatment, meaning that treatment is effective for them,
continue with this treatment, and those who are non-respondent will be randomized again to stu-
dents who receive the augmented treatments, namely combining the previous treatment with the
new one and students who receive the previous treatment with the higher intensity. This process

may continue until a certain mastery level for all students is achieved or until the duration of study

is over. Figure 6.2 shows a two-stage SMART design with three treatment options at the first stage.

Since SMART is a multi-stage randomization design, then similar to the RCT, it is costly and re-

quires careful planning. Therefore it may not be a practical option for educational design. In the
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next sections, we will discuss non-randomized (quasi-experimental) designs in education.

6.2 Non-randomized Designs with a Single Intervention

Non-randomized or quasi-experimental designs are designs used when the randomized experiment
is not possible due to ethical, timing, or cost restrictions. They are sometimes also referred to as

observational studies [54]. Figure 6.3 represents some well-known quasi-experimental designs in

literature:
Quasi-Experimental Designs
Interrupted Time Series ~ Regression Discontinuity Difference—in—l)im -+ Pretest-Posttest

Figure 6.3: Some Well-Known Quasi-Experimental Designs

In [22], the authors introduced a four levels of hierarchy for quasi-experimental designs demon-
strated in table 6.1. In Table 6.1, D is the best design, followed by C, B and A. Next, we discuss
the use of designs in table 6.1 in educations.

Table 6.1: Hierarchy of Quasi-Experimental Design

Type of Experiment

A. Design with no control groups.

B. Design with control groups but no pretest.
C. Design with control groups and pretest

D. Design for time series data.

Note: The common notation is to use X for intervention, O for measurement (observation), and the

NR for non-randomized assignment.The position from left to right determines the temporal order.

6.2.1 Designs with no control groups

1. The One group posttest design:
X Oy
Figure 6.4 shows an example of a DAG for this scenario. X is a treatment or an intervention,

O is an outcome or the posttest, IV is observed, and U; and U, are unobserved confounders. For
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example, suppose a researcher is interested in finding the causal effect of doing some problem sets
in a textbook on student learning by taking a final exam or posttest immediately after the study
ends. Then X is doing the problem sets, and the O is the final exam. This design is subject to
many threats to internal validities such as history since other events besides the treatment might
cause the change in exam score. Confounding variables such as prior knowledge of the topic, in-
telligence, family, and psychological problems (unobserved confounder) might cause a change in
outcome. Lack of a pretest prevents query of students’ prior knowledge and the absence of a con-
trol group, makes it difficult to determine if treatment is the only cause of change in the outcome.
To better understand the problem with this design, consider the DAG in figure 6.4; ideally, we
would like to find the direct causal effect of X on Oq; however, the X < W; — O, is a non-causal
backdoor path, which should be closed. But, even blocking the backdoor path through W, still is
not sufficient due to the backdoor path via unobserved confounders.

To better understand the problem with this design consider the following simulation. The DAG

W)

7o,
N

Figure 6.4: DAGs for a single posttest design

for the data generating process is the same as figure 6.4. The treatment and all the confounders
(observed and unobserved) are Bernoulli random variables and the outcome O, is normally dis-

tributed with mean to be the linear combination of X, U;, Us and W7 and the standard deviation is
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0.6.

Simulation Setup

N =500
P(Wy =1) =038
P(U, =1) =04
P(Us=1) =06

P(X =1) =0.30 + 0.2U; + 0.5U, — 0.3W,

M:5+7X+4W1—2U1—2U2

o =0.6 O, ~ N(p, 0?)

Table 6.2 presents simulation results for this design. According to this table, the causal effect of

Table 6.2: Simulation Result for a design with a single intervention

Control for No Confounders

Coefficient | True | Estimate
Intercept 5.0 7.13
X 7.0 5.04
Control for W,

Intercept | 5.0 3.88
X 7.0 5.58
Control for 1V, and U;
Intercept 5.0 4.27
X 7.0 6.55

Control for 1, U; and U,
Intercept | 5.0 4.99
X 7.0 7.03

X on O, will be biased if we do not control for unobserved confounders.

2. The One-Group Pretest-Posttest Design:

Oy X Os

Figure 6.5a is a candidate DAG for this case, where the outcome O, is the posttest score (It

can be a continuous or discrete quantity). U; and U, are unobserved confounders and can refer
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to psychological and family problems. W, represents any observed confounder. This is similar
to the DAG in figure 6.4. This is because, in causal inference, we study the causal effect of in-
tervention/treatment on the outcome and the pretest-posttest design has similar characteristics as
one-group posttest design after the intervention. Including a pretest, however, can provide some
information about the student’s prior knowledge, which in turn helps us to control for some con-
founders compared to the first design. However, repeating the same problems in the consecutive
exams results in testing/practice effects that threatens internal validity. This design is also suscepti-
ble to other threats to internal validities such as maturation and history. This is because participants
may drop out during the study (for example, after taking the pretest). This is sometimes referred to
as a loss-to-follow-up, which causes the selection bias. This design also suffers from regression to
the mean since if there is only one observation before the intervention (the pretest), then the score
in the pretest can be due to chance. Therefore, the pretest would be a very weak counterfactual had
the treatment never happened. Figure 6.5b is another candidate DAG, which includes the pretest
O; and L; as a covariate causing students to drop from the study. C is a binary variable that

represents the censoring where C'; = 0 students are not censored and continue the study.

(b)
Figure 6.5: DAGs for a pretest-posttest Design
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6.2.2 Designs with a control group but no pretest

3. Posttest-Only Design With Nonequivalent Groups:
NR X Oy
NR O
This is similar to a one-group posttest design with the difference of adding a control group. The
control group is supposed to provide a counterfactual outcome for the treated group had they not
received the treatment. The DAG for this is demonstrated in figure 6.6 and is similar to the DAG in
figure 6.4 with the inclusion of variables Z. Z is a variable indicating the treatment assignment. It
determines the conditions on how to assign the participants to treatment and control groups, such
as choosing some classrooms for the treatment and some others for the control group. One major
problem with the nonequivalent design is the selection bias since the participants are not assigned
randomly. Therefore, the participants in the control and treatment groups do not share identical
characteristics. For example, assume participants in treatment groups are from more educated
family backgrounds, or they are academically stronger candidates. Therefore they perform better

in the posttest even under the null treatment effect.

Figure 6.6: The DAG for Posttest-Only Design With Nonequivalent Groups
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6.2.3 Designs with both control groups and pretests

4. The Pretest-Posttest Design with Nonequivalent Groups:
NR O, X 0,
NR O, 0>
This is a common design in the educational systems. Students are divided into treatment and
control groups based on some factors, such as the classroom. The DAG after the intervention for
this design is similar to figure 6.6. The control and pretest provide a counterfactual for the treated
group and help to remove some of the threats to the internal validities. However some flaws with
this design are as follows: 1- A single intervention may not be sufficient to influence the outcome
(posttest). 2- Since the participants are not randomly assigned, the treatment and control groups
may have very different characteristics (confounder). 3- A single observation before and after the
intervention is not enough to draw any conclusion about the participants’ mastery of the subject
and is prone to regression to the mean threats. 4- Since there is a single intervention then there is

no opportunity to provide feedback to students.

6.2.4 Design for time series data

5. Interrupted Time series Design
O, O, O, X On+1 ce Oay,
Interrupted time series (ITS) design consists of repeated measurements over time with an in-
tervention, or a shock is introduced at a certain time. It is considered the most powerful design
in the hierarchy of quasi-experimental designs. This is because it can rule out many threats to
internal validity such as regression to the mean since many measurements are taken before and
after the intervention; therefore, the probability that the result is only due to chance is very slim.
However, history and instrumentation are still considered as threats to internal validities since due
to administrative change, the measure for student learning can change through time. Attrition is a
big threat for this design since the loss-to-follow-up can happen after each measurement. There-

fore the number of participants from the beginning to the end of the study can be very different.

67



Figure 6.7 shows a candidate DAG for this design for four measurements (2-time points before and
2-time points after the intervention). The Oy, O, . . ., O4 denote the measurements, L1, Lo, . . .,
L, are the time-varying covariates such as family, financial or prerequisite problems that influence
the outcome and treatment. It is important to note that figure 6.7 is a simplified DAG for most

real-world phenomena. Interrupted time series (ITS) is a type of design used when a randomized

Figure 6.7: A DAG for the Interrupted Time Series Design

experiment is either too expensive or impractical. ITS measures the change in intercept and slope
of the time series before and after the intervention. It comprises two distinct periods, namely the
pre-intervention and the post-intervention, and may include the control group. There are two major
methods to model the ITS design. The segmented regression by far is the most widely used one,
in which a linear regression model is fit for before and after intervention with a dummy variable
representing the pre and post-intervention phase. This model assumes a linear trend before and af-
ter intervention time [55], [56],and [57]. The segmented regression technique assumes the residual
term to be normally distributed, but if residuals are autocorrelated, then autoregressive integrated
moving average (ARIMA) can be used to model the ITS [55], [58], and [59]. This method works
by first building the ARIMA model of the time series using only the pre-intervention series. Then
apply the model for the complete time series data and add the intervention as a dummy variable,

where 1 is coded as the post-intervention phase, and O is for the baseline period. ARIMA only
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handles the univariate time series data. ITS can be used in education to evaluate the influence of a
single intervention introduced in a semester as a form of a study skill or measure the influence of

adding an online textbook.

6.2.5 Regression Discontinuity (RD)

C O X O,

C O, O
RD is another type of quasi-experimental design used when there is some kind of criterion
(threshold) that must be met before participating in the intervention. This threshold identifies the

eligibility for participation in the program.
It is a type of pretest-posttest comparison group, where participants are assigned to treatment and
comparison groups based on the threshold or cutoff on a pretest. This can be represented math-
ematically as follows: A is called the running variable and C' is the threshold. If A is above the

threshold then you receive the intervention.

1 A>C
X:

0 A<C
Figure 6.8 represents a candidate DAG for RD design. According to this figure, A, L, and U

are confounders (U is an unobserved confounder). and X + A+ L - O, X < A+ U — O,
and X < A — O are the backdoor paths. Therefore, one way to obtain the unbiased estimate of
X on O is to control for A. In RD, we consider the effect of the intervention on the outcome when
the running variable (A) is near the threshold (condition on A). Hence, by doing this, we will close
all the backdoor paths.

In education, A can be a pretest, X is the intervention or treatment such as talking to a TA or
a tutor, O is the posttest, L is the observed confounder such as the prerequisite knowledge, U is
the unobserved confounder such as family background, and C' is the threshold on the pretest for

participation in the program. In RD, we study the influence of the intervention on the posttest score
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for those participants whose pretest score is near the threshold.

To analyze the RD for the above problem in education, let A denote the pretest score,O denote
the posttest score, and Z be a binary dummy variable indicating the treatment or control group.
Then select the participants whose pretest score is just below and above the threshold, and regress

the posttest score on the pretest and other variables.
O =0+ 1A+ BoZ + B3AZ + € (6.1)

The (3 coefficient is the causal effect of A on O.

Figure 6.8: A DAG for Regression Discontinuity Design

Other popular quasi-experimental designs are Difference-in-differences (DID) and instrumen-
tal variable (IV) that can provide unbiased causal estimates when a randomized experiment is not
possible [60],[61], [62],[63], [64], and [65].

Although quasi-experimental designs such as ITS, RD, DID, and IV provide unbiased causal
estimates for many real-world phenomena, they may not be suitable options for education since
1- They mainly model a single intervention yet, learning is more effective using a sequence of
interventions. 2- They do not model time-varying treatment and confounder feedback; therefore,
they do not incorporate any mechanisms to reduce the negative effect of confounders through
timely intervention.

Our objective is to have a tractable approach for the actual educational system by accounting
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for all the potential confounders and design suitable interventions to reduce the negative influence
of confounders through time. Thus, in the next section, we discuss observational studies in educa-
tion and introduce techniques to overcome limitations of quasi-experimental designs with a single

intervention.

6.3 Non-randomized Designs with Multiple Interventions in Education

Before discussing non-randomized designs with time varying interventions, We first define param-

eters and notation used in this section:

* Xy, Xo, ... Xy are time varying treatments, such as:

— Reading chapter of book.
— Solving some problems.
— Talking to the TA/instructor/counselor.
e [y, Ly,... Lyareobserved and Uy, U, , . . . Up are unobserved time varying confounders,
such as:
— Prior knowledge of subject.

— Psychological/stress problems.
¢ O is the outcome. such as exam score.
¢ N is the total number of students.

The Objective is to find the causal effect of joint interventions Xi,Xs, . . . , X7 on O.
The Joint effect of interventions is defined as a collection of direct effects unmediated by other
interventions [66]. For example, the joint effect of interventions X; and X5 on O in figure 6.9
consists of X; — O and Xy, — O. In this section, we consider the following three cases, which

characterize scenarios happening in real-world educational systems.
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Figure 6.9: Joint Effect of X; and X5 on O

1. Time-Varying Treatment and Confounder with no unmeasured confounders.
2. Time-Varying Treatment and Confounder with unmeasured confounders.

3. Time-Varying Treatment-Confounder feedback.

6.3.1 Time Varying Treatments and Confounders With No Unmeasured Confounders

Figure 6.10 presents an example of this scenario, where X;, X, and X3 are referred to as time-
varying treatments/interventions. They can represent solving problems, talking to the TA, and
talking to the counselor. L, Lo, and L3 are observed confounders such as student background
knowledge through time. O is the posttest exam. We use the outcome regression model to find
the average causal effect of joint intervention Xi,X5, and X3 on O. The outcome regression
measures the correlation coefficients but not necessarily the causal coefficients. Therefore we need
to investigate if the correlation and causation are the same in equation 6.2. Controlling for Lq, Ly
and L3 will close all the backdoors such as X; < Ly — O, X5 + Ly — O, and X5 <+ L3 — O.
Furthermore controlling for X, X5 and X3 will block the mediated and all other backdoor paths
such as Xy, < X; — O. Hence the outcome regression in equation 6.2 results in unbiased
estimates of causal coefficients. In equation 6.2, the multiplication terms are interaction terms, for

example X; X, suggests that the causal effect of X; on O is different for different values of X.

ElO|X1, X2, X3, L1, Ly, Ls] = ag + o X1 + a0 Xo + a3 X3 + as X1 Xo+

a5 X1 X3 + agXo Xz + or X1 Xo X3 + agly + agly + aqols (6.2)
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Figure 6.10: Time Varying Treatment and Confounder for three time points

The following is a simulation setup for this case:

N =500
P(L; =1)=0.5
P(X;=1)=02+04L,
P(Ly =1)=0.2+0.6L,
P(X;=1)=0.3+05X; 4+ 0.2L,
P(Ls=1)=0.3+40.5L,
P(X3=1)=03+0.4X5+40.1L3
pw=02+2X] +6X3+5Xo+ X1 Xo+ X1 X5+ XoX5+4L) +4L5+ 3L3
o =0.2 O ~ N(u,o?)
N represents number of cases, confounders and treatments are all binary variables and the posttest
is normally distributed. Table 6.3 shows the simulation result for this scenario. It indicates all
the coefficients except X; X5 X3 are significant for P-value of 0.05. Therefore the coefficient of
X1 X5 X3 may be assumed to be zero and the regression model estimates all coefficients correctly.
Table 6.3 only includes the coefficients for treatments and their interaction terms and not any

information about the confounders. Table 6.4 shows the 95% confidence interval (CI) for the co-

efficients using bootstrapping. According to this table the true values for all the coefficients lie
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within the 95% confidence interval. The results in this section suggest that if all the confounders

Table 6.3: Simulation Result for Time-Varying Treatments, Confounders with No Unmeasured
Confounders

Coefficient | True | Estimate | P-Value
Intercept 0.2 0.17 0.0008
X, 2 1.90 2210716
X5 5 4.98 2210716
X3 6 6.02 2210716
X1Xs 1 0.91 221077
X1X;5 1 1.34 9.6210~"
X5 X5 1 0.90 1.9210"
X1 X5X5 0 —0.091 0.81

Table 6.4: Simulation Result for Time-Varying Treatments, Confounders with No Unmeasured
Confounders

Coefficient | True 95% CI
Intercept | 0.2 | (0.0702,0.2826)
X, 2 (1.710, 2.302)
X 5 | (4.875,5.330)
X, 6 | (5.826,6.180)
XX, 1 (0.4688, 1.2230)
X1 X 1 (0.755,1.918)
XX T | (05542, 1.1484)
X1XoX3 | 0 | (—0.8461,0.4669)

are measured properly, then the unbiased causal effect of joint interventions on the outcome can
be estimated accurately. Next, we investigate what would happen if there are unmeasured con-

founders.

6.3.2 Time Varying Treatments and Confounders With Unmeasured Confounders

Figure 6.11 presents an example of this scenario, where X;, X, and X3 are referred to as time
varying treatments/interventions. Similar to the figure 6.10 interventions can represent solving
problems, talking to the TA, and talking to the counselor. L;, Lo and L3 are observed confounders
such as student background knowledge through time. Uy, Us and Uj are unobserved confounders

such as family and psychological problems. O is the posttest exam. To find the average causal
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effect of joint intervention X;,X5, and X3 on O, we use the same regression model as in the
previous case with all observed confounders. We need to investigate if the correlation and causation
are the same in equation 6.3. Controlling for L, L, and L3 will close backdoors such as X; <«
Ly — O, Xy < Ly — O, and X3 < L3 — O. Furthermore controlling for X;, X and X35 will
block the mediated and all other backdoor paths such as X; < X, — O. However any backdoors
through unobserved confounders such as X; <— U; — O and X, <— Uy — O remain open. Hence
the outcome regression in equation 6.3 results in biased estimate of causal coefficients. Note
equations 6.2 and 6.3 are the same since unobserved variables cannot be included in the regression

model.

Figure 6.11: Time Varying Treatment and Confounder for three time points with Unobserved
Confounders

E[O|X1, Xo, X3, L1, Lo, L3] = ag + a1 X1 + s Xo + a3 X3 + ay X1 Xo+

Oé5X1X3 + 056X2X3 + a7X1X2X3 + Oszl + ang + OéloLg (63)
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The following is a simulation setup for this case:

N = 500

P(U, =1)=0.6 P(Uy =1) = 0.6 + 0.3U;
P(Us=1) = 0.4+ 03U, P(Ly =1) =05+ 04U,

P(X; =1) =02+ 04L; + 0.30; P(Ly=1)=0.2+ 0.6L; + 0.105
P(Xy=1)=0.3+0.2X, 4+ 0.2Ly + 0.20, P(Ls=1) = 0.3+ 0.5Ly + 0.1Us

P(X5=1)=0.1+04X;+ 0.2Ls + 0.2U;
,u = 4L1 + 4L2 + 3L3 + 5X2 + 2X1 + 6X3 + XlXQ
X1 X3+ Xo X5+ 2U; + 33Uy +Us + 0.2

o=0.2 O ~ N(u,0?)

Table 6.5 shows the simulation result for this case. According to this table the coefficients of
X1 Xo, X1X3, X5X3, and X; X5 X5 are not statistically significant for P-value of 0.05. This is not
correct since we know the coefficients of X; X5, X7 X3, X5.X3 should not be zero. Table 6.6 shows
the 95% confidence interval (CI) for the coefficients using bootstrapping. According to this table,
the 95% confidence interval for the intercept, X5 and X3 do not contain the true values. Moreover,
the confidence interval, in this case, is wider than the confidence interval when all the confounders
are observed.

Table 6.5: Simulation Result for Time-Varying Treatments, Confounders with Unmeasured Con-
founders

Coefficient | True | Estimate | P-Value
Intercept | 0.2 1.92 10711

X 2 2.97 2210711

X5 5 6.15 2210716

X3 6 7.01 2210716
XX, 1 1.24 0.056
X1 X3 1 0.55 0.42
X9 X3 1 0.16 0.80
X1 X0 X3 0 0.37 0.67
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Table 6.6: Simulation Result for Time-Varying Treatments, Confounders with Unmeasured Con-
founders

Coefficient | True 95% CI
Intercept | 0.2 (1.844,2.967)
X, 2 | (1.657,3.639)
X, 5 (5.19,7.062)
X, 6 | (5.4%6,8.419)
XX, 1 | (—0.828,3.084)
X1X5 1 (—0.212,3.917)
XoXs 1 | (~1.4414,2.6802)
XXX, | 0 | (—3.3632, 1.8323)

The accuracy of the estimated coefficient depends on the influence of unobserved confounders.
As an example, consider the following two case studies where the simulation setup is the same as
before except the mean of the outcome 4 varies as a function of unobserved confounders.
Case I :Unobserved confounders have small influence on the outcome:
py =4L1 +4Ls + 3L+ 5X5 +2X1 +6X3 4+ X1 Xo + X1 X5+ Xo X354 0.1U; + 0.2U5 + 0.3U3 + 0.2
o1 =02

Ol ~ N (:ulv U%)
Case II :Unobserved confounders have huge influence on the outcome:

po =4L1 +4Ls +3L3 + 5Xo +2X7 + 6X3 + X1 Xo + X3 X5 + Xo X35 4 8U; +9U; + 10U5 4 0.2
o9 = 0.2
Oz ~ N(uz,0 g )

Table 6.7 summarizes the result for these two case studies and clearly demonstrates the negative

effect of unobserved confounders on the estimated coefficients. Under case II, the estimated coef-

ficients are far from the true coefficients, and this is due to the large influence of open backdoor

paths. The results in this section suggest that open backdoor paths due to unobserved confounders

can cause bias in the estimation of the causal coefficients. The amount of bias depends on how large

is the influence of the unobserved confounders. This is another important conclusion in designing
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Table 6.7: Simulation Result for Time-Varying Treatments, Confounders with Unmeasured Con-
founders (Comparison of Case I and II)

Coefficient | True | Estimate (Case I) | Estimate (Case II)

Intercept | 0.2 0.41 8.97
X 2 2.08 717
X 5 5.12 7.91

X3 6 5.84 10.05
XX, 1 1.22 0.64
X1X5 1 1.34 1.98
XoX3 1 1.84 0.04

X1X5X3 0 0.44 —1.58

more intelligent and individualized educational systems that we need to measure and control for as
many confounders as we can. It is true that no matter how many confounding variables we mea-
sure, there are still some unobserved confounders; however, if we can close for the confounding
variables that might plausibly have a large influence on the outcome, then we reduce the bias in
the causal coefficients significantly (refer to the case I and case II). In the next section, we discuss

time-varying treatments, confounders feedback.

6.3.3 Time Varying Treatments and Confounders Feedback

Figure 6.12 presents an example of this scenario, where X;, X, and X3 are referred to as time-
varying treatments/interventions. Similar to the previous two sections. interventions can represent
solving problems, talking to the TA, and talking to the counselor. L, Lo, and L3 are observed
confounders such as student background knowledge through time. O is the posttest exam. We
assume we control for a sufficient set of confounders, and there are no significant unobserved
confounders. The difference between this DAG and the DAG in figure 6.10 is that there are arrows
from treatments back to confounders. The motivation behind this design is as follows: assume
some students are suffering from a psychological problem, we refer them to the counselor and
are hoping through the counselor intervention we reduce the negative effect of the confounder.
Therefore a more intelligent design requires feedback from treatments to interventions. To find

the average causal effect of joint intervention X1,X5, and X3 on O, we start again by the same
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regression model as in previous cases with all observed confounders. We need to investigate if
the correlation and causation are the same in equation 6.4 as in other cases. Controlling for L4,
Lo and L5 will close backdoors such as X; <+ L; — O, Xy < Ly — O, and X3 < Lz — O.
Furthermore controlling for X;, X5 and X3 will block the mediated and all other backdoor paths
such as X5 < X; — O. However controlling for L, will close the X; — Lo — O path, which is
a causal path (neither mediated nor a backdoor paths), the same way controlling for L3, will block
the causal path Xy — L3 — O. Therefore we conclude that the coefficients of X, and X3 are

biased and outcome regression produces an unbiased coefficient for X;.

Figure 6.12: Time Varying Treatments and Confounders Feedback

B[O X1, Xo, X3, L1, La, Ls] = ag + a1 X1 + aa Xa + a3 Xz + g X1 Xo+
a5 X1 X3 + agXo X3 + ar X1 X9 X3 + agly + agla + aqoLs (6.4)
To find the unbiased causal estimates of joint interventions on the outcome in the case of time-
varying treatments, confounders feedback, we use g-formula and the inverse probability of treat-

ment weighting (IPTW). Before discussing how to do inference using g-formula and IPTW, we

will briefly discuss each one in the next section.
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G-formula and Inverse Probability of Treatment Weighting

G-formula is an extended version of the backdoor criterion or standardization discussed before in

the time-varying treatments and confounders setting. Mathematically it is represented as follows:

t=T

E0;] =) EOIX =z, L=0[[ P(Li = X1 = Z1—1, Li—y = li1) (6.5)
I t=0
where the X and L represent the treatments and confounders history, 7" is the number of time
steps or the number of interventions. This model requires estimating the conditional expectation
and conditional probability from data. Hence it is sensitive to model misspecification and requires
correct models for conditional expectation and conditional probabilities.

IPTW is a method to weigh each observation by the inverse of the probability of treatment re-
ceived. IPTW creates what is called the pseudo-population, which is a confounder-free population.
Therefore IPTW is trying to emulate a randomized experiment. The [IPTW weights for the subject
1 1s defined as follows [66]:

1
ion Py, %, 1.0, ( X, X1,y Ly, i)
Zg PXt\Xz_l (Xt,i’thl,i)
ion PX“\)’Q_LZ-,L} (Xt,i7 Xt—l,iy L; 1)

(6.6)

i =

SW,; = (6.7)

The SW; is referred to as the stabilized weight. It results in a more stable estimator if the de-
nominator of WW; is close to zero. However, a better way to express the IPTW weights is through
a causal DAG. The denominator of IPTW weights (It is the same for W; and SW}) is the proba-
bility distribution of the treatments in the pre-intervention DAG since the treatment at the current
time point is conditioned on treatment history and the confounder history. The numerator of the
SW weight is the probability distribution on the post-intervention DAG since it is independent of
confounders; hence the connections from confounders to treatments are removed. Therefore the

stabilized weight can be represented as follows:

IPTWenr — Distribution of Treatment on Post-intervention DAG 6.8)
W™ Distribution of Treatment on pre-intervention DAG '

IPTW is used to estimate the parameters of marginal structural model (MSM) [52], [67], and [68].
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MSM, as the name suggests, is a marginal model, namely not conditioned on any confounding
variables. It is a model for calculating the mean potential outcome for the entire population. To
see how g-formula and IPTW can solve the time-varying treatments and confounders feedback
problems, consider the following simulation setup corresponding to the DAG in figure 6.12 with the
difference that we assume the first treatment X is assigned randomly; hence there is no confounder

connected to the X:

N =500

P(Ly=1)=0.1+0.6X;

P(X,=1)=03+0.7L, — 0.25X,

P(Ls=1)=0.2+ 0.3Ly + 0.3X,

P(X3=1)=0.1+0.3Ls + 0.1X,

=5+ 4X; 4 5Xs 4+ 6X5 + 10X, Xo + 11X, X3 + 12X, X5 — 8L; — 9L,

o=0.2 O ~ N(u,0?)

As it was discussed, the coefficients of X5 and X5 are not causal; therefore, to find the true causal

coefficients we proceed as follows:

E[Yx,xax3) = D Y E[Yx,xax3 L2, Ls] = > ) 544X + 5X5 + 6X5 + 10X, X5 + 11X, X3+

Ly L3 Ly L3

(6.9)
12X5 X3 — 8Ly — 9L,

E[Yx, x,x.) = 2.13 — 242X, + 23X, + 6X5 + 10X, X5 + 11X, X3 + 12X,X5  (6.10)

As equation 6.10 shows the true value of the intercept and the coefficients for X; and X, are

different from the original model while other coefficients stay the same. The stabilized weight
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according to equation 6.8 is:

P(X3)P(Xs)

(6.11
(X[ X1, Lo) P(Xs| Xa, Ls) )

IPTWgsy = Iz

Table 6.8 compares the 95% CI for the outcome regression and IPTW methods. According to
this table, the outcome regression estimate is biased for the coefficients of X;, X, and the in-
tercept term, while IPTW estimates are unbiased for all the coefficients. This clearly indicates
that traditional methods such as outcome regression produce biased estimates in the case of treat-
ment and confounder feedback. Table 6.9 compares the outcome regression, MSM(IPTW) and
non-parametric g-formula. This table represents that both IPTW and g-formula can handle time-
varying treatments and confounders feedback.

We conclude this section by comparing the IPTW and g-formula: They both can handle time-
varying treatments, confounders feedback. They both rely on positivity and conditional exchange-
ability assumptions (no unmeasured confounders). g-formula is more prone and sensitive to model
misspecifications since it requires a correct model for conditional expectation and conditional prob-
ability. Non-parametric g-formula becomes very tedious to calculate if the dimension of treatments

and confounders increases. Therefore, we believe IPTW is more suitable for educational studies.

Table 6.8: Simulation Results for Time Varying Treatments and Confounders Feedback:
Comparison of Outcome Regression and MSM in terms of 95% CI

Coefficient | True | Regression 95% CI | MSM (IPTW) 95% CI
Intercept | 2.13 (4.92,5.02) (1.910,3.843)
X, -2.42 (3.97,4.11) (-3.351, -0.089 )
X5 2.3 (4.965,5.120) (-1.0192, 2.3798 )
X3 6.0 (5.816,6.092) (4.56, 6.90)
X1X5 10.0 (9.823,10.047) (7.861, 10.604 )
X1X; 11.0 (10.87,11.16) (7.00,12.06)
X5 X5 12.0 (11.78, 12.14) (9.56,13.38)
X1 X5X;5 0 (-0.1191, 0.2794 ) (-1.80,3.04)
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Table 6.9: Simulation Results for Time Varying Treatments and Confounders Feedback:
Comparison of Outcome Regression, MSM and G-formula

Coefficient | True | Regression | MSM(IPTW) | G-formula

Intercept | 2.13 5.02 3.09 1.80
X4 -2.42 4.00 -1.85 -2.14

X5 2.3 4.98 1.94 1.81

X3 6.0 5.98 5.80 5.96
X1X5 10.0 10.04 8.65 9.84
X1X3 11.0 11.04 11.22 11.01
X0X3 12.0 12.05 12.43 12.31
X1X5X3 0 0.09 0.47 0.12

6.4 Conclusion

In this section, we proposed various experimental and quasi-experimental designs for educational
systems and quantify them using the graphical model and directed acyclic graph (DAG) language.
We proposed to model the education system as time-varying treatments, confounders, and time-
varying treatments-confounders feedback and derive unbiased causal estimates for the coefficients
in fully observed and partially observed confounders. We showed that if we do not control for
a sufficient set of confounders, then the causal estimate is biased. We showed that a more in-
telligent educational system contains feedback between treatments and confounders and provides
techniques such as IPTW and g-formula to derive unbiased estimates of the coefficients.

Our model can be implemented in a standard college course by having a pretest exam before
starting the course to measure students’ prerequisite knowledge and including questions about
student family, stress, emotional problems, and other factors such as how much time they can
spend for the course per week. The pretest score can determine the initial treatment and study plan
for students. Then students continue with the intervention and are tested weekly through quizzes
to find the best subsequent interventions, such as talking to the TA, instructor, or the counselor
depending on the problem they have. We ask the TAs, instructors, and counselors to ask questions
during the meeting with students to collect information about the potential confounders and then

try to control for these confounders in our analysis. We then have students take an exam (like a
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midterm or final exam) and follow the methods outlined in this article to evaluate the effectiveness
of the joint interventions on the exam score.

The causal analysis opens doors to widespread educational studies that can answer a broader
set of questions than traditional study designs. In particular, they can provide analysis that ap-
plies to individuals and not just cohorts, provided sufficient information on confounding factors is

gathered.
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Chapter 7

CONCLUSION

In this dissertation, we proposed various algorithms and models for sequential prediction and infer-
ence in education. In chapter 3 we modeled and predicted student performance in an educational
video game using the hidden Markov model. Our analysis proved the predictive power of the
HMM. In chapter 4, we introduced a Python library to generate synthetic time series data ac-
cording to arbitrary Bayesian network structure. This package is used to generate data in chapter
5. Chapter 5 compares the HMM and LSTM in terms of complexity and number of parameters.
Chapter 6 suggests a graphical modeling approach to experimental and quasi-experimental designs.
This chapter provides multiple inferences and modeling techniques for quasi-experimental designs
with multiple interventions.

The future research is to implement the models and algorithms in this dissertation in standard
college courses by having a pretest exam before starting the course to measure students’ prereq-
uisite knowledge and including questions about student family, stress, emotional problems, and
other factors such as how much time they can spend for the course per week. The pretest score
can determine the initial treatment and study plan for students. Then students continue with the
intervention and are tested weekly through quizzes to find the best subsequent interventions, such
as talking to the TA, instructor, or counselor depending on their problem. We ask the TAs, in-
structors, and counselors to ask questions during the meeting with students to collect information
about the potential confounders and then try to control for these confounders in our analysis. We
then have students take an exam (like a midterm or final exam) and follow the methods outlined
in this thesis to evaluate the effectiveness of the joint interventions on the exam score. By these

means, relatively small changes to standard courses can lead to much richer inferences on what
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interventions will best help individual students to succeed
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