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ABSTRACT

This thesis examines Machine Learning (ML) applicable to detecting Mild Cognitive
Impairment (MCI) from gameplay data of a Serious Game (SG). The foundation of the work is a
newly developed SG called WAR Cognitive Assessment Tool (WarCAT). WarCAT is based on
the familiar card game WAR and is played on mobile devices (phones, tablets). WarCAT captures
players’ moves during the game to allow inference of cognitive processes of strategy recognition,
learning, and memory. This thesis focuses on the potential of detecting MCI by developing a data
synthesis model and a classifier model to be applied to WarCAT gameplay. The data synthesis
model generates WarCAT gameplay data similar to that of a human, so that it can be used to train
and validate the classifier model. The classifier model has the potential to detect MCI from a
player’s gameplay data. Machine Learning (ML) methods are used by both models. The classifier
uses a deep Artificial Neural Network (ANN) that is first trained on a large labelled dataset to help
detect MCI. The data synthesis model generates synthetic data to plausibly emulate a large
population of players. The sub-paradigm of ML, namely Reinforcement Learning (RL) is used to
generate synthetic data, as it most closely emulates the way humans learn. An RL bot undergoes
millions of sessions of trial and error (training), processing millions of gameplay training patterns
and achieves results comparable or better than the best human performance. A conjecture is that
an RL bot with fewer training opportunities emulates a person with less experience or potentially
declining cognitive function. This baseline allows for the creation of bots with the goal to emulate
individuals at various stages of learning, or conversely, various levels of cognitive decline. The
thesis demonstrates the ML framework necessary to generate and classify different levels of play,

which correspond to different levels of players’ cognitive states or abilities.
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Chapter 1: Introduction

1.1 Background & Motivation

This work focuses on analyzing data from games from which to potentially detect and
assess Mild Cognitive Impairment (MCI) utilizing Machine Learning (ML) models. Early
detection of MCI is a challenging task because of its subtle symptoms. MCI symptoms reflect a
decline in cognitive abilities that may be substantial enough to be noticed by the patient or the
individuals surrounding the patient, but not substantial enough to affect the basic daily routine life
tasks. MCI affects memory (recall, retention), thinking, and judgment to higher degree than the
degree of similar cognitive decline that comes normally with aging. Approximately, 10-20% of
adults aged 65 years or older have some form of MCI [1]. Multiple studies worldwide reported
MCI prevalence ranging from 3% to as high as 42% [2]. The most concerning serious issue about
MCI is that it increases the probability risk of more serious dementia as has been found in [3]
where it was reported that 20-40% (10-15% per year) of cases of MCI progress to dementia.
According to Alzheimer Disease International’s 2018 report [4], the estimated number of people
with dementia is 50 million worldwide, and is expected to rise to 152 million by 2050. The total
estimated cost worldwide is US$ 1 Trillion in 2018. This figure is projected to rise to US$ 2
Trillion by 2030.

However, not all MCI cases lead to dementia. According to some estimates, 4% to 15% of
MCI cases revert back to normal in clinic-based studies [5], [6], and 29% to 55% in population-
based studies [7], [8]. If MCI can be detected early, then perhaps the later progression can be
diverted or alleviated with therapeutics or other psycho-social interventions to improve or maintain
cognitive abilities. It is well recognized that early detection of any health concern usually leads to

a more positive prognosis, and early diagnosis of cognitive impairment is no exception [9], [10].
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However, the earlier the stage of cognitive decline or MCI, the less observable are the symptoms
and the harder it is to detect. On the other hand, the earlier the detection, the greater are the benefits
in effective treatment. Serious dementia is significantly easier to detect than MCI, but the
therapeutics might be less effective as the disease has progressed to the point beyond being
treatable. Although, no evidence has yet been found of MCI improvement by pharmacologic
treatments, non-pharmacologic treatments such as exercise programs, cognitive training and
rehabilitation were found to have a small but significant difference favoring intervention when
compared with controls (MD 1.01, 95% CI 0.25 to 1.77) assessed with MMSE [11]. Of course,
any kind of therapy is contingent on MCI being discovered early.

This work is built upon the foundation of a Serious Game (SG) for mobile devices that was
previously developed in [12]. An SG is defined as a game that was designed for a purpose other
than entertainment. The SG used here is based on the familiar card game War and denoted
WarCAT (War Cognitive Assessment Tool). This work includes an overview of the game to
provide context for the SG used in the subsequent ML work. It is presented only as a platform for
the ML work that follows, in that the objective of this thesis is to discuss the machine learning
approaches used to generate synthetic gameplay data using RL approaches, and ML-based
classification of gameplay data for various degrees of impairment. The used ML approaches are

outlined, including the justifications, opportunities, and trade-offs.

1.2 Related Work

SGs can be a rich source of data for mental health [13], [14], and while there are other
games on the market that claim to do ‘brain training’ to maintain cognitive function or potentially
delay MCI, limited work has been done on games that try to detect or assess MCIl — a subtle but
important distinction. Although there is considerable research activity in developing and analyzing
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SGs for cognitive health [15]-[20], the role of SGs for any range of genuine health applications is
embryonic at best and considerably ad-hoc, with some effort being made to more formally organize
the topic [21].

The common methods of detecting MCI are the cognitive screening tests (also referred to
as neuropsychological testing). Typically, there are questions or tasks that are asked of the
individual being evaluated to answer or perform. In most cases, a trained clinician performs those
tests. The Mini-Mental State Examination (MMSE) is the most widely evaluated screening test
although there are others tests such as the Clock Drawing Test (CDT), the Montreal Cognitive
Assessment (MoCA), the Informant Questionnaire on Cognitive Decline in the Elderly (IQCODE),
Computer Assessment of Mild Cognitive Impairment (CAMCI), The Modified Telephone
Interview for Cognitive Status (TICS-M), and others. Some of the screening tests were designed
to detect dementia as well as MCI. A comparison of the performance of the well-known tests used
for MCl is shown in Table 1-1 below.

Table 1-1 A Comparison of Different Well-known MCI Screening Tests [22]

Test Name Sensitivity” Specificity”
Mini-Mental State Examination 45% to 82% 65% to 90%
(MMSE)

Clock Drawing Test (CDT) 43% to 76% 49% to 83%
The Modified Telephone Interview for ~ 47% to 82% 77% to 100%

Cognitive Status (TICS-M)
Informant Questionnaire on Cognitive 71.1%t0 82.6% 69.0% to 83.0%
Decline in the Elderly (IQCODE)

Montreal Cognitive Assessment 80% to 100% 50% to 76%
(MoCA)
Mini-Cog 39% to 84% 73% to 87.9%

* These screening tests tend to have different performances in different studies. The range of values is an estimate
of were most studies’ values lie. Outlier values were excluded from this range.
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However, unlike detection through a SG such as WarCAT, those screening tests usually
require whoever is administering them to be trained or at least follow given instructions to conduct
the test properly and not interfere with the screening process. In the case of MMSE, the instructions
given to administrators include, for instance, avoiding emotional reactions that could compromise
cooperation and performance [23]. Another instruction example for the case of CDT; “Consider
physical impairment including any issues with muscles in the hand/arm or vision”; “Remove/cover
any clocks in the room and be aware if participants have a wrist watch on during this test” [24].
Also, they are not engaging or fun, and most are not easily accessible on smartphones besides

MoCA test, and they are not amenable for advanced mathematical algorithms or scaling in general.

1.3 WarCAT

To construct any technique has the potential to detect MCI, a platform is required to serve
as an intermediary between the person and the detection software system. Such a platform would
convert the cognitive choices and actions of the player into raw data. A serious game can be used
as such a platform as it affords the opportunity to convert the player’s performance (moves and
decisions made) into numerical input data. If the selected game’s performance depends on certain
cognitive functions, then the performance of those cognitive functions would be embedded in the
gameplay data, thus giving a chance for the detection software systems to discern them. The
serious game WarCAT is used for exactly such a role. In general, a serious game is one in which
a primary intention is data collection as opposed to entertainment. It should be noted, that if a
serious game were to be developed that could be used directly to help assess cognitive difficulties
it would have to be as popular as Candy Crush™. In that scenario, the number of users themselves

would provide baseline data as well as data to classify play against. There would likely still be an
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opportunity for ML as a classifier, whereas within this thesis, ML is also used to generate synthetic

data against which gameplay can be classified.

1.3.1 What is WarCAT?

WarCAT is serious card game. It has been discussed in [12] and was designed specifically
to serve as a platform for developing models for potentially detecting MCI. It is very simple and
it is a modified version of the popular card game WAR. In this variation, the human player is
playing with five cards that can be played in the order of their choice against an opponent bot or
computer that is playing in a deterministic fashion (i.e. using a set strategy such as low to high
cards, high to low cards, etc.). Figure 1-1 illustrates an instance of play during one round of

WarCAT.

My Score: ; 3 | War-O-Matic's Score: 2

War-O-Matic has played a J to your K
You have won the round!

Figure 1-1 Instance of playing one round of WarCAT

Upon starting the game, the player needs to register so that their gameplay data get stored

under that player’s user name as shown in Figure 1-2(b) below. The type of information collected
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and any additional information is illustrative of the type of data that would be most desirable if a
sufficient user community were to be established. This comes with its own ethical responsibilities
but merely points out that the game cannot be totally anonymous and further discussion is not part
of the actual thesis considered here. However, the importance or relevance of this type of data is

discussed in the sections below.

Please enter your desired login information

Welcome to the game of war! Username

Register Password

Birth Year
(Optional)

Enter year(Optional,

B vae @ Female

Gender
(Optional)
Prefer not to say

What would you like to do'

Please input your login information

Username Enter text...

Password Enter text...

Figure 1-2 (a) initial screen, (b) new user registration, (c) log in screen, (d) menu screen after log in

The game rules are as follows:

e 5 cards are dealt to both the player and an opponent bot (computer).

¢ Both play one card at a time at the same time. Hence it is concurrent (i.e. both players pick a
card, then both cards are revealed at the same time), as opposed to many games which are turn
based.

e The player can play their cards in any order.
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e The bot plays in a specific order (a strategy).
e Each card has the value of its number. Jack, Queen, King, and Ace cards are valued at 11, 12,
13, and 14 respectively.
e The higher card wins that round (hand).
e The winner of each round (hand) gets a score value per the following equation:
Score = 13 — (Winning Card Value — Losing Card Value) (1-1)
If there is a tie, the score for that play is 0.
e The game is won by the one with the higher aggregate score value after all five rounds as shown
in (1-2) below.

5
Aggregate Score = z Score; (1-2)

=1

Every time a card is played from both players, a round has been played. Every five rounds
constitute a game. Every 50 or 150 games constitute a level. In the initial work later in Section 4.1
below, 50 games were used. However, 150 games were used later in Section 5.2 below to improve
the data. This type of level play is common within games where a level is typically associated with
a degree of difficulty. Here rounds, games, and levels are used to compartmentalize the data
collected associated with play.

In the traditional card game of WAR, the highest played card would win. However, in the
variation (WarCAT), the score is calculated in a way to evoke greater diversity of strategy. In that,
the scoring is more heavily weighted to a narrow victory over a larger difference in card values. In
this manner, according to (1-1) above, an Ace card beating a King card gives a score of 12 while
an Ace card beating a Two card gives a score of 1. The first case yielded a higher score because

the winning was with a narrower margin, therefore; it is more favorable.
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The opponent bot always plays the same order of its given cards. The order in which the
five cards are played is called a strategy. So, the bot plays with the same strategy throughout the
50 or 150 games or one level. An example of a strategy would be playing the highest card first,
then the second highest...etc. At the beginning, the player has no idea what the opponent bot’s
strategy will be. In the first game or the first few games, an observant player will detect or discover
the opponent bot’s strategy — both in recognizing that a strategy is being played, and then learning
what the strategy is. Then, the player can predict the order although not the exact cards in which
the bot will play its cards for the duration of the level, therefore; the player can play their cards in
a way that maximizes their points in order to win the game, i.e. the player would counter the bot’s
strategy. It’s important to note that the player can predict or learn the order of the bot’s cards but
not the cards’ values. One example of countering a strategy, if the opponent bot’s strategy is
playing their five cards high to low, the player can counter that strategy by playing their lowest
card first i.e. deliberately losing (sacrificing) that card against the opponent bot’s highest card to
see what the bot’s highest card was. Then, the player’s strategy might be playing the remaining
four cards high to low so that the player’s highest card would go against the opponent bot’s second

highest card and so forth, as illustrated in Figure 1-3 below.
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Rounds

A
r !
Computer's Cards D

Player's Cards

HiN|N.

X v J v v

Figure 1-3 One Example of the Player's Countering Play Against A Known Strategy

It is not necessarily true that the player’s highest card would always be higher than the
opponent’s second highest card as the cards are dealt randomly. However, on average on many
games played, the average card value is higher, hence the reason for a stream of 50 or 150 games
per level. Basically, the player (on average) would lose the first round, but would win (on average)
the other four rounds, and ultimately win (on average) the game. There are other ways to counter-
play, some of which might be adaptive and depend on the cards dealt and/or the opponent bot’s
previous played card in the moment of the game. Those other ways of nuanced counter-play might

be expressive of the player’s cognitive performance.
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An example of a gameplay is shown in Figure 1-4 below. In Figure 1-4(a), each player gets
five cards, then the player picks a card out of five to play. In Figure 1-4(b), the player picks the
first card and plays it, the first card played by the bot is then revealed. The one with the highest
card wins that round. In the example shown, the bot wins the first round. The bot’s card of Queen
is valued at 12, and player’s card is valued at 3; therefore, according to (1-1) above, the bot’s
amount of points from the first round is 4. In Figure 1-4(c), the player wins the second round with
10 points. The player ties in rounds 3 and 4 where neither the player nor the bot gets points. The
player wins round 5 which end up with a total cumulative score of 18. Thus, the player wins that

game over the bot with a total score of 18 to 4.
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War-O-Matic's Score: 0

7 ) Y
i X1 By
sl KX KX

War-O-Matic's Score: 4 My Score: 10 r-O-Matic's Score: 4

War-O-Matic's Score: 4 My Score: 18

You have won the round!

NICE WORK!

Level 2

Reward Poi

Percentage chance to win the last game
4

g

Figure 1-4 an Example of One Gameplay of WarCAT
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1.3.2 WarCAT Characteristics

Playing any game to be potentially used in the detection of MCI needs to utilize the same
mental functions that are affected by MCIl. WarCAT encompasses several executive functions of
interest when potentially detecting MCI, including strategy recognition, strategy development
(learning), memory, recall and retention (remembering & retaining the opponent’s strategy once it
gets discovered), thinking (planning the strategy that counter the opponent’s), and judgement
(choosing the best counter play based on the available cards).

It is possible that there are other illnesses that might affect some or all of these cognitive
faculties which would get detected or flagged as well in the gameplay data such as Attention
Deficit Hyperactivity Disorder (ADHD), Early Alzheimer's Disease (AD), Early-Onset MCI,
amnesia as a result of non-aging illness (e.g. stroke, tumor, etc.), and others. WarCAT can be one
tool in a larger set of approaches to potentially detect MCI, because other factors such as age,
severity of cognitive decline in terms of daily life, medical history etc. are also important factors
that a SG may or may not be able to capture well or at all. It is possible that gameplay of this type
may also be useful as a means of tracking a person’s cognitive decline over the long term, i.e. as a
component of a longitudinal study.

WarCAT was designed to be accessible to a wide demographic. It can be played on
smartphones, tablets, and computers. It does not have a language barrier, although there might be
some merits to utilizing language. The game rules are simple and easy to learn in a short time. It
attempts to strike a balance between being engaging/complex, and being simple and yet able to
provide a detailed data trail of play.

Upon signing up to play WarCAT, the player is asked for their age as it is an essential

factor to MCI. The player also has the option to answer a question about their sex to preserve the
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chance for further analysis of MCI risk and prevalence in different sexes, as men appear to be at
higher risk than women in having MCI [1]. Also, the game records the time took by the player to
play each card for future possible further work where the time might refer to the mental effort put
during the play.

What differentiates WarCAT from other current screening tests is that WarCAT provides
a numerical or quantitative pathway to the rich world of mathematical algorithms to be
tested/implemented. This thesis is an attempt at exploring this rich potential. Also, the numerical
nature of this game makes it able to convey the cognitive state in a dense numerical representation,
for example, tracking decisions or hunches where a player may play a different card with a close
value hedging on a close victory. It is also conjectured here that ML types of algorithms may be
the only practical means of unravelling the ambiguous data associated with gameplay.

WarCAT gameplay gives a role for randomness as any strategy is in reference to the order
of cards dealt. For example, the highest card may not always be an Ace or King, etc. This
randomness factor makes WarCAT a suitable platform as it insures that ML models built on top
are resilient to some amount of randomness (noise). The random nature of the game is likely also
a useful artifact as opposed to a truly deterministic game in terms of engaging ones’ cognitive
processes.

The highest winning percentage is 92.70% and a score average of 25. However, this only
possible if the player always has perfect knowledge of all of the opponent’s cards and strategy in
advance. So, the achievable numbers for the winning percentage and the score average are below

these formerly mentioned upper limits.
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1.3.3 Data Representation

For every game played, the game records (under username handle or any suitable pseudo
identifier) the ten cards dealt to both the player and the computer bot, the order in which they were
played, the probability of winning, the maximum score, the expected score, the winner, and the
score result. From these data, the relevant data representations are extracted. Other types of data
are recorded for potential future use, such as the time spent in decision making, but they are not
used in this work. One level of data would consist of a stream of 50 or 150 games. This stream is
referred to as the “cognitive fingerprint” [25]. Figure 1-5 shows an example of “fingerprint” data.
The quantization nature of the data in the shown example is due to normalization with respect to
the highest possible score. This normalization is explained further in Section 5.3.2 below. Further
gameplay data samples are illustrated in Appendix A. From this data, considerable information
can be inferred that align with strategy recognition, learning, and retention, i.e. whether the player
recognized and countered the bot’s strategy, was consistently beating the bot, or was getting
confused (suffering from momentary “loss of set” — i.e. forgetting the strategy or was distracted).
Essentially, one can initially infer whether the player won when they should have won, lost when
they should have won, won when they should have lost, and lost when they should have lost, all

based on the random set of cards dealt to them and to the bot in that hand.
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Figure 1-5 An early example data visualization of normalized "cognitive fingerprint" over 150 games

1.4 Machine Learning Background

There are three basic ML paradigms: Unsupervised Learning, Supervised Learning, and
Reinforcement Learning [26]. Each paradigm consists of many ML algorithms. No algorithm from
Unsupervised Learning is used in this work. This work uses algorithms from Supervised Learning
and algorithms from Reinforcement Learning.

Supervised Learning is the most widely used paradigm of ML and the most successful. It
is generally used in classification or pattern recognition. Supervised Learning algorithms have
shown incredible success since the (rather shocking) better than human performance of image
classification in 2011 [27]. Since then, more attention has been paid to various ML algorithms that
have worked well in other applications such as: detecting cancer, detecting spam email, object
recognition and/or tracking in images and videos, speech-to-text, etc.

The way Supervised Learning algorithms work is typically by training models on large sets
of data to improve performance. Those data are labelled. For example, labelled data of images for

a model detecting types of cars means each image is labeled with the type of car it portrays. During
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training, the model would read the data then give an output. Then the given output is compared
with the labeled (correct) output. If they match then no adjusting/correction needed, otherwise the
model is adjusted towards giving a matching output. The adjusting process will be detailed in
Section 1.4.1 below. The training process keeps reiterating until the model can produce an output
that matches the labeled output or close to it. That is, the model had now learned how to classify

or detect the correctly labeled data. By extension, it can then go on to label new data correctly.

In Unsupervised Learning, the data do not come with labels. There is a smaller variety of
useful applications than Supervised Learning. Unsupervised learning applications include:
clustering of semantics, grouping news articles about similar topics, anomaly detection, and DNA
sequencing. This ML paradigm is not used in this work and only mentioned for completeness.

The third basic paradigm is Reinforcement Learning (RL). It has demonstrated success in
training software agents that can interact in an environment. The agent views its environment and
the input would be the state of the environment. RL then, gives an output or an action to take in
the environment which moves the agent into a neighbouring state. Unlike in Supervised Learning
where the output is checked with an authoritative answer after one step (one iteration or one
operation of processing), in RL the output is checked with an authoritative answer after a sequence
of steps when the agent reaches an endpoint. However, it assigns rewards to states so that it can
find the sequence of outputs (i.e. path of actions) that leads to the desired endpoint. RL is used in
applications such as: playing games, industrial automation, self-driving cars, stock trading,

optimization, path finding, etc. RL will be explained in more details in Section 5.2.3 below.
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1.4.1 Artificial Neural Networks

Acrtificial Neural Network (ANN), a Supervised Learning algorithm, is a data processing
system that consists of connected neurons typically grouped in stacked layers. A neuron in one
layer is connected to some or all the neurons in the neighbouring layers on either side. The data
goes through the ANN in one direction layer by layer: input layer, hidden layers, and output layer,

Figure 1-6. When the ANN is made of multiple layers, it is then called deep neural network.
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Figure 1-6 Sketch of multi-layered (deep) artificial neural network

When the neurons in ANN are connected to simply all the neurons in the next layer, the ANN is
described as Dense Neural Network (DNN) or fully-connected neural network. Other ANN may
have different types of layers that do more than conventional layers such as preprocessing or
normalizing layer, convolution layer, or pooling layer. DNN and other types are used in Section

4.2 below.
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Each neuron receives multiple inputs from its connections to the previous layer and gives
one output. Each connection is assigned a number called the weight that determines the
significance of each input. Each input is multiplied by its weight, the output is the sum of all those
products plus a number called the bias. The bias can shift the resulting output value (along the y

axis).

output = bias + input; * weight; (1-3)

1

n
1=
The output of each neuron goes through a function called activation function which can

any of various types of activation functions as in Table 1-2 below. The activation function is picked

depending on the used ML model. When the activation function used is non-linear then the ANN

is non-linear.
Table 1-2 Widely Used Activation Functions
: (0 forx<o0
Binary Step fx) = {1 forx =0
. . . (0 forx<0
Rectified Linear Unit (ReLU) flx) = {x forx <0
Sigmoid (x) = -
g [ = 1+ex
Xi
i(x)= ——— fori=1,..,
Softmax fi(x) e f J
ex _ e—x
Hyperbolic Tangent (Tanh) tanh(x) =
X + e—x
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The Rectified Linear Unit (ReLU) function is used heavily in this work. The ReLU output
is O if the input is negative, otherwise the output is the same as the input. It is commonly used as
it is computationally efficient [28] with comparable results. Plus, it reduces the vanishing gradient
problem [29]. The softmax activation function (normalized exponential function), which is used
in this work as well, receives a vector of inputs at a time and takes the exponential of one of the
inputs over the sum of the exponential of all inputs. Softmax is used at the final layer (output layer)
to limit the output between 0 and 1.

When an ANN is “learning,” the values of the weights and the bias are adjusted over many
iterations. Their values are either increased or decreased by a certain amount to make the ANN
gives correct results. When a final output of the ANN is given that is off target, the partial
derivative of the activation function with respect to each weight and bias in that one neuron
determines the direction and the amount of change needed in the previous neuron in the previous
layer. Then similarly for the previous layer, the direction and amount of change is found for the
next step further back until the input layer is reached and adjusted. The amount and direction of
change is often determined by Stochastic Gradient Descent (SGD). This algorithm for finding the

gradients throughout the layers is known as backpropagation [30].

1.5 Summary

To summarize thus far, the long-term objectives are to use data generated from human
gameplay to extract a cognitive fingerprint representative of higher-level cognitive functions of
strategy learning, retention (memory) and recall. These human data will then be used within a ML
classifier to help detect issues such as MCI. Early detection of MCI can lead to an early and more
effective therapy. The platform for the ML models is a functional competitive serious game
denoted WarCAT that has been developed and is instrumented to collect human player data.
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WarCAT is based on the somewhat familiar card game WAR. Even with a game as simple as
WarCAT, the potential contributions of ML in classification and detection of subtle cognitive

change require considerable data. Thus, an RL model is developed to imitate and produce human-

like data of mass quantity.
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Chapter 2: Problem Definition & Analysis

In order to develop a software that can potentially detect MCI from gameplay data of
WarCAT, a classification model must be built. There are two problems that needs to be tackled in
order to get a working classification model with a useful prediction accuracy. Firstly, a model must
be designed that can predict a level of confusion or impairment based on raw or processed
gameplay data. This model, however, would need to train on a sizable amount of labelled data in
order to have useful prediction accuracy percentage. This is especially difficult when the game at
hand was designed recently and it does not have a large or any sizable player-base. This would
lead to the second problem, we need a mechanism that can generate more data in order to be used
for the classification model in attempt to explore the original conjecture that serious games can be
useful in helping to assess one’s performance across a range of cognitive functions. The generated
data need to be similar to the human player data. This is a common mode for many ML techniques
that rely on considerable data, in that, if the data does not yet exist, one needs to be able to
synthesize a suitable amount of realistic data to help validate the original hypothesis that ML may
be useful for subsequent data analysis in the first place. This also points to one of the difficulties
of using serious games for the purposes of aiding in detecting anything - cognitive or otherwise.
The game has to be extremely engaging to entice people to play, likely to the point of being

addictive, which poses another potential ethical dilemma.

2.1 Designing a Classification Model

The model has to be able to read the WarCAT gameplay data as presented and classify it
into one of two or more classes with differing MCI levels. If more than two classes are used, they
can mean different levels of MCI severity. Since a positive diagnosis is rare in real data, we also

need to compare sensitivity and specificity values unless balanced training data are used, meaning
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that 50% of the data are of one class and the other half is of the other class. Also, since winning a
WarCAT game depends partially on the value of cards dealt, there is a randomness aspect to the
data. Therefore, the classification model must be robust to such noise implicit in the WarCAT

game.

2.2 Difficulties of Data Acquisition

Since the approach of designing such a classification model taken in this research is a Machine
Learning model, it needs to be trained first on a sizable labelled dataset. Due to the lack of such a
dataset, we then must design a method of generating data that has similar characteristics to real
data. These data must satisfy several validity tests of characteristics such as error burstyness, score
average, win percentage, high cross-correlation with real data, similar strategies (sacrifice 1st card,
etc.), correlation with perfect play, etc. Issues such as burstyness was initially thought here to
reflect moments of mental lapse or “loss of set”. These types of subjective impairments in older
persons are common, often expressed as “senior moments” manifesting in word-finding
difficulties and momentary forgetfulness. The difficulty associated with data acquisition was
compounded as there are very few studies related to correlating gameplay data of any sort of

assessment aligned to cognitive difficulties.
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Chapter 3: Methodology

3.1 Possible Data Processing Opportunities

Before the gameplay data enters the model, it may need to go through a preprocessing
phase in order to present the model with only the data features that are important to the model and
in a form that is readable by the model. This phase might include: removing features that have
little to no contribution to the prediction process, altering features into a desired format such as
normalization, and abridging multiple features into one feature, for example, taking the difference
of two features instead of taking those two features directly, or taking the average value instead of
many values. Determining the most appropriate features is a difficult task and largely more art

than science especially in areas where ML techniques have not been widely applied.

3.2 Designing a Classification Model

The classification model was designed based on ML, specifically a deep (multi-layered)
Artificial Neural Network (ANN). Several methods of deep ANNs that were explored in this
research include Dense Neural Networks (DNN), Convolutional Neural Networks (CNN) and
others. The ANN trains on an abundance of labelled data and is then validated on independent data
until its prediction accuracy reaches its maximum. First, it will be trained on two classes which
can then classify WarCAT player’s gameplay data into either ‘has MCI’ or ‘does not have MCI’
characteristics (a binary classifier). Furthermore, it will be trained on five distinct classes which
can then take in the processed data and provide a classification of the degree of MCI severity or
degree of cognitive decline.

It is likely that the designed models require to be run with multiple values or types of

hyperparameters. Many hyperparameters and factors affect the ML models such as learning rate,
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number of layers, number of neurons in each layer, drop rate, batch size, whether or not to use
batch normalization, type of activation function used, etc. Selecting an untuned value can heavily
affect the model performance as some hyperparameters have a high tunability [31].

Also, a non-ML classification model designed by simple statistical method is used in
addition to the ML classification models. This will help keep track of comparison performances
by the simple statistical model and the ML models. So that, we will know when an ML model is
not necessary, as the simple model can do just as good. This is also common within ML research,

where simple models are often overlooked, whereas they may in actuality be equally effective.

3.3 Designing Data Synthesis Mechanism

Synthetic data of a stream (level) of 50 or 150 games can be created with at least two
different approaches. Figure 1-5 earlier shows an example of such a synthetic data stream. The
two approaches used here means that the model simulates each game on either one of two different
scales. First, we can design a high-level (naive) model that simply assigns either a win or a loss to
each game without simulating the inner details of a game. Second, we can design a low-level
(granular) model that simulates each game fully. It simulates a player and an opponent, gives five
cards to each, and gives an order of play or a strategy to each. Here, the high-level model is
designed first and then the low-level model is designed pending whether the results from the high
level were satisfactory or not.

It is common to use synthetic data to validate a model, however, for our purpose here, the
goal of data synthesis is not only to validate the classification model but also to train it for
functional use. It is worth noting that the role of synthetic data can diminish if more real labelled
data are collected later on. It is imperative to note however, that the synthetic data generated here
is being used to help validate the overall conjecture that ML and SG in combination can help in
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detecting MCI. Ultimately, the aim is to make WarCAT or similar games widely available and
sufficiently engaging with the MCI ML detection models running on those data, ideally driven
from a dataset of human users. This dataset can then be used to set baseline cognitive functions

and help detect pre-symptomatic MCI using ML approaches on real data.

3.4 Tools

3.4.1 Software

The model was written in the Python Programing Language as it is widely used with ML
models for its simplicity and the abundance of highly optimized numerical and ML libraries such
as Numpy and Tensorflow. There are also libraries that can read data from either a SQL server or
a Comma Separated Values (CSV) file format which are the two ways of receiving the WarCAT

data.

3.4.2 Algorithms

For the classifier (prediction) model, the neural network was trained using the
backpropagation training algorithm [30].

For the high-level data synthesis, Bernoulli trials (i.e. similar to coin flipping) and the
Burst-Error model (Markov Decision Processes) were used to generate a 1 or 0 for a win or a loss.
For the low-level data synthesis model, RL was used as it closely resembles the way humans learn
[32]. Furthermore, learning in humans includes reward-based learning [33]. Similarly, the Q-

Learning algorithm used here is based on reward-based learning.
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Chapter 4 Developing Classification with Preliminary Data Synthesis

A preliminary foray into a solution/approach was undertaken to better understand the problem
and potential solutions. In this chapter, | briefly present an initial attempt to synthesize data which
are then used for the classification model. The data synthesis mechanisms in this chapter are
simplistic and preliminary. However, they are explored more extensively in Chapter 5. The main

focus in this chapter is developing the ML classifier model.

4.1 Data Synthesis

4.1.1 Introduction

A difficulty faced by most ML efforts in extracting meaningful inferences from gameplay
data is data volume. Also, especially when applying ML in a medical field [34], lack of data is a
common theme due to privacy concerns, and difficulty of unifying different forms of data.
Therefore, tackling this problem of data shortage is inevitable, especially with data for this newly
developed game.

A large amount of data are needed for the ML classification models. Such data would
ideally be real humans’ WarCAT gameplay data labelled according to the cognitive function or
ability of the player. The data need to be in the thousands as is typical with ML models training.
Also, more data are highly favorable to produce a trained classifier with better accuracy. This is
particularly the case here, although MCI becomes more prevalent with ageing, the symptoms are
“buried in the noise” of normal cognitive decline. The subtler the symptoms, the more data are
required to detect the symptoms. Another reason for the need of large amounts of data is that the
data collected by humans will likely, in future work, need to be controlled for age, gender, and the

many confounding variables that impact one’s day to day (even hour to hour) abilities to
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concentrate. Due to the lack of such data from human play in sufficient quantities, the need for
synthetic data arises to help verify or establish the classification model. The generation of synthetic
data is common in scenarios where real data are scarce or difficult to obtain but are required to
validate ML classifiers [35]. Towards this end, in this work, there is heavy reliance on generating
synthetic data to help verify or establish the validity and utility of ML classification techniques.

The data synthesis efforts in this chapter explore high-level (naive) simulation. In such
simulation, each game is assigned a value of only the final result of the game. In the subsequent
chapter, more detailed simulation is explored that simulates a more detailed play by simulating the
cards play in each game. This naive approach was initially undertaken as being simple and
hypothesized as having the potential to, at minimum, classify more obvious cases of cognitive
difficulty.

To make the synthesized data consumable by the ML classifier, consider the general form
of the data expected by the ML classifier. The ML classifier require gameplay data of at least two
different classes. Typically, they are differing by performance. One class of gameplay is of higher
performance than the other. In the subsequent sub-sections, different ways of making two or more
classes are explored. In the naive case, a single game is represented by (reduced to) a single
variable. This variable may refer to a Win vs. a Loss or may be referred to Following a strategy
vs. Not Following a strategy. The term Following a strategy refers to the case where the player
plays correctly with the right strategy yet they might lose the game due to ‘unlucky’ cards. That
is, they might lose the game but not due to bad performance or they may win the game with a
relatively bad performance. If the variable (game result) refers to Following a strategy or not, then

this reduces some of the noise, making it easier for the ML classifier. However, if this approach is
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implemented, then further work needs to be done to determine the correct strategy of play and
whether the player followed it or not.

One way of differentiating two classes is by the winning percentage, or the Following the
strategy percentage. That can be computed from the “cognitive fingerprint” stream as in Figure
1-5 above. Another way of differentiating two classes is by averaging the scores of the games in
the stream. In this case, the scores are what is calculated according to equation (1-1) above.

Next, different ways of generating synthetic data are explored.

4.1.2 Bernoulli (Simple Random Coinflip-analog)

In this simple model, the two classes can be differentiated by the value of the winning
percentage. One class can refer to random play which yields a 50% winning percentage. The other
class that represent a better performance can have a winning percentage higher than 50%. Since
the game is stochastic, it is unreasonable to have a 100% winning percentage. So, a simple random
bit generator of 0.5 probability of 1 and 0.5 probability of O similar to a random coin flip trial
would generate one class. The other class can be generated by simply assigning a skewed
probability of, for example, 0.7 probability for 1 and 0.3 probability for 0. Here 1 represent Win
and 0 represent Loss.

P(1) = 0.5

Class1 (Random Play) {P(O) — 05

P(1) = 0.7

Class2 (Better Play) {P(O) ~ 03

4.1.3 Burst-Error
As a reasonable first extension to the Bernoulli generating gameplay approach, a bursty error

model is introduced in detail here. This model was inspired by early models used for error
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correction associated with transmitting data over noisy channels. In these cases, the disturbance in
the channel extends over many bits or symbols emulating moments of memory lapse or
forgetfulness.

The premise here is that a person may undergo a degree of confusion that is dependent upon
previous hands played. When a person forgets the bot’s strategy, it takes a few games to re-learn
the bot’s strategy and play in a manner to counter it. Similarly, if a person plays what they believe
to be an on-average winning strategy, but loses by the stochastic nature of the game, they may
become confused momentarily and struggle to return to the previous strategy. Thus, these several
games would show in the “cognitive fingerprint” stream as burst of losses (or bad performance).
Hence, the motivation for the use of the burst model to mimic bursty periods of confusion or
memory lapse, as a form of cognitive impairment. The error model is based on independent
Bernoulli trials, and is similar to that produced by flipping a coin but with varying probabilities.
In this case, a head would represent playing the correct strategy whereas a tail would be a random
strategy. Then, after the strategy has been decided, another independent Bernoulli trial is done
similar to flipping a coin with varying probabilities. In this second case, a head would represent a
win whereas a tail would represent a loss. So, the first coin determines which strategy to play with,
and the second coin determines the win or loss. However, when looking at the rates of wins and
losses, they are not necessarily independent. As a first attempt to more realistically model play and
degrees of impairment, a simple Gilbert-Elliott two state Markov process [36] for generating errors

is considered. A diagram is shown below.
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Figure 4-1 Gilbert-Elliott model generating a 2-state Markov modulated error process

The probability of winning in the Good state which represents playing with correct strategy
is k and the probability of winning in the Bad state which represents playing with random strategy
is h. Similarly, errors are generated at rates of 1-k while in the Good and 1-h while in the Bad state.
Furthermore, p is the probability of moving from the Good state into the Bad state, and r is the

probability of moving from the Bad state into the Good state. The steady state error is given by:

pe= (1= K)ot (L= @)

When the probability of leaving a state is less than 0.5, that state tends to be more likely to
be followed by a play of similar state aka similar play strategy, thus leading to a burst of that state.

An illustration of the burstyness of the error patterns generated is shown below:
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Figure 4-2 Burstyness of the Bernoulli and Burst Mode modulated error processes (p=0.25, r=0.25,

k=0.9, h=0.1)
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In Figure 4-2 above, the Bernoulli trials were generated using a fair coin with p=0.5, The Burst
Mode “loss of set” or error in play was generated with parameters p=0.25, r=0.25, k=0.9, and
h=0.1. The number of errors generated was 51 and 50 out of 100 for the Burst Mode and Bernoulli
trials error generating modes of play respectively. The number of games is used here is increased
from 50 to 100 in order to slightly improve the data. However, the work here holds if the level or
the stream of games is 50, 100, or 150. It’s worth noting that although both these two methods of
generating data produced data with similar number of errors, one method had the errors in bursts
while the other method had the errors in random independent positions. This gives options to

classifiers to pick up on features other than the average number of wins.

4.2 The Classification Models

The main goal here is to develop a way of classifying gameplay data to the class of
mechanism that generated them. Initially, we explore classifying two classes. Then as a next step,
we can explore classifying multiple classes within a range of performance. Performance can refer
to the winning percentage, score average, or others. Multiple classes with gradual differing level
of performance can be a gateway to having a model that can predict the level of confusion i.e. how
divergent play is from perfect play. The approach of trying different classification models is to
first look at simple statistical model first, then consider the ML models. Also, with the ML models,
simpler ML models are explored. Models such as Dense Neural Networks (DNN) are followed by
exploration of Convolutional Neural Networks (CNN), which can more easily make classifications

based on more features.
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4.2.1 Simple basic model (statistical)

The simple basic model is a non-ML classification method. If this attempt turns out to be
unfruitful, then it can serve as a reference for the subsequent ML models. The prediction here is
based on the winning percentage. Simply, if the winning percentage is above a threshold then it
would be classified as one class, otherwise it would be classified as the other class. One of the two
classes taken here is random play which yields a winning percentage of 0.5. The other class
represent “smart” play with a winning percentage of above 0.5. That is winning percentage
throughout a stream of 100 games. The number of games is used here is increased from 50 to 100
in order to slightly improve the data. However, the work here holds if the level or the stream of
games is 50, 100, or 150.

These two classes can be generated using a random number generator of 1 or 0 (Bernoulli
Trials) with a given probability as in 4.1.2 above. For example, let P(class1) = 0.5 and P(class2) =

0.7 then we can set the cutoff threshold at 0.6 being the middle. Then the prediction model:

class1 W/(W + L) ratio < 0.6

Class prediction = {classZ W/(W + L) ratio > 0.6

(4-2)
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Figure 4-3 Histogram of two classes with winning averages of 0.5 and 0.7 (n=10000 for each class)

The prediction accuracy depends on a several parameters used in the data generation

including:

How far apart the Bernoulli probabilities of the generated two classes are from each other. In

the example in Figure 4-3 above, they were 0.5 & 0.7. This yielded an accuracy of 98% but it

drops to 84% when P(class2) = 0.6 and the cutoff is 0.55 as shown in Figure 4-4 below.
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Figure 4-4 Histogram of two classes with winning averages of 0.5 and 0.6 (n=10000 for each class)

e The number of games N whose winning percentage is the input. In the example above, it was
100. In Figure 4-3 above, the accuracy is 98% but it drops to 93% when N = 50.
The class representing better play is given a probability of winning below 1 because the player
may lose some of the games due to the nature of the game WarCAT. The cards are dealt randomly
which may sometimes lead to the player being dealt ‘bad’ (unlucky) cards that result in a loss

even if the player played well.

44



It is worth noting that the results of this simple model are somewhat inconclusive. That is
because the accuracy depends on how far apart the winning percentages of the two classes are. At
present, it is not clear how far apart to set them to credibly emulate a real gameplay.

As for classifying the data that came from the burst-error, the model yielded similar results.
This is not surprising because this classification model has one feature which is the winning
percentage. Thus, the burstyness feature is ignored by this model. This is a serious flaw in this
simple model as it doesn’t distinguish between Bernoulli trials data and bursty-error data so long

they have the same winning percentage as shown in Figure 4-5 below.
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Figure 4-5 Two classes with similar winning percentages but differing bursts

45



In Figure 4-5, the two classes are only differing by the values of p and r in Figure 4-1
above. Classl has 0.5 for both p and r whereas Class2 has 0.2 for both. The winning percentage
the same for both classes. The resulting accuracy is 50.20% which is no better than randomly
guessing. This motivates the exploration of ML models’ abilities to extract patterns from the data

that may be less obvious.

4.2.2 DNN

Neural Networks have proven to be quite successful classification models in various fields
and applications. They have been used in areas such as image classification and object recognition
[27], recognizing hand writing [37], audio recognition [38], [39], text translation [40], object
tracking in video [41], etc. Multi-Layered Neural Networks can even do a good job at detecting
hierarchical levels of features [42]. However, the area where Neural Networks have shown the
most solid progress with reference to human performance is in playing games [43]. Typically,
Neural Networks work well in applications where the problem inputs are either in numerical
representations such as image pixels and sound wave amplitudes or can be imbedded in numerical
representations such as gameplay, or text representation.

A Dense Neural Network (DNN) model used here is roughly based on the MNIST
handwritten digit classification model [44]. DNN is chosen as an initial attempt for an ML
classifier because it is one of the simplest neural network models. It uses a fully connected Neural
Network made of three layers with numbers of neurons 150-500-2. The first layer represents the
input layer which takes in the stream of 150 numbers representing a win or loss. The middle layer
is made of 500 neurons each is connected to all the 150 neurons in the first layer. Each neuron in
the middle layer can extract a feature. The third layer or the output layer has two neurons

representing the number of classes (better play strategy or random strategy).
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ML models have an inherent problem that need to be remedied which is overfitting. When
an ML model trains on data, its performance gradually improves. At the beginning, it starts
learning the general features in the data. Then, when the model trains for too long, it starts to
memorize the noise specific to that dataset. However, when the model attempts to predict new data
with different noise, it performs less than optimal. One of the widely used techniques to solve
overfitting is cross-validation [45]. Two datasets are used in the process that typically come from
splitting a parent dataset. One is typically 8-10x larger than the other. The large one is used for
training the ML model while the small one is used to evaluate or validate the model performance.
The validation dataset is not used in the training thus can serve as an objective evaluator.

In this DNN model, two classes are used which both have the same winning percentage
but differing in the burstyness of play. Two datasets were generated per Section 4.1.3 Burst-Error
above. The training dataset is made of 100k games while the validation dataset is made of 10k

games. Each level is made of 50 or 150 games of play per the corresponding class strategy.
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DNN: Training & Validation Accuracies
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Figure 4-6 DNN training and validation accuracies.
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DNN: Cross Entropy Loss
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Figure 4-7 The Training and Validation Cross-Entropy Losses

In the two figures above, the two classes only differ by the values of p and r in Figure 4-1
above. P is the probability of moving from Good state into the Bad state and r is vice versa. Classl
has 0.5 for both p and r whereas Class2 has 0.2 for both. The winning percentage is the same for
both classes. The resulting validation accuracy is 55.84% which is slightly better than statistical
model but still impractical. However, when Class2 has 0.1 for both p and r, the resulting validation
accuracy rises to 62.27%. It is worth noting that both classes have the same winning percentage.
Although, the accuracy is still low, there is about a 5 to 12 % rise in the validation accuracy due
to the use of ML. The magnitude of this rise depends on the amount of burstyness in the data; in

other words, the magnitude of this rise depends on the values of p and r used. This ML model has
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achieved this based solely on the burstyness. Therefore, ML model is preferable to the Simple
statistical model for this high level classification.

The two classes represent a person with MCI and a healthy person or one with normal age-
related cognitive decline. As they are not likely to get the same winning percentage, the eventual
accuracy is likely to get higher than 62.27%. In fact, the validation accuracy is 87.01% when the
two classes have winning percentages of 70% and 80%. The 80% winning percentage representing
normal healthy play which is based on the average winning percentage of real data from about 30
undergrad and graduate students who helped with assessing the game and its aesthetic and feel.
The 70% winning percentage would most probably represent play with some degree of cognitive
difficulty. However, there were no real data available from people with MCI at the time of this
work. The data collected was not part of a clinical trial, but rather an early effort to assess the

game’s potential to be engaging.

4.2.3 DNN with FFT Preprocessing

Another approach of model design was attempted. A Fast Fourier Transform (FFT) was
implemented over the raw input to get a representation of the different frequencies associated with
the cognitive fingerprint matrix. The motivation for this approach is that the different burstinesses
in the streams of games would manifest as different frequencies in the streams. The result is shown
in Figure 4-8 below, with slight improvement to 58.73% validation accuracy compared to the
55.84% in bare DNN, and 50.20% for the statistical model. Furthermore, the validation accuracy

is 87.27% when the two classes have winning percentages of 70% and 80%.
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FFT: Training & Validation Accuracies
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Figure 4-8 Training and Validation Accuracies of DNN using FFT preprocessing

4.2.4 CNN

Although the promise of ML techniques for classification is enormous, there is onus on the
implementer to process the data in such a manner that the classifier can more easily accommodate.
One type of classifier that has been identified for use here is a convolutional neural network (CNN)
[27]. CNNs are traditionally used for image classification which typically are of 2-dimensional
data but they also have corresponding 1-dimensional variants [46]. An important aspect that needs
to be captured from the gameplay stream (cognitive fingerprint) of data is when the player scores
poorly (forgets the strategy and needs to relearn the strategy again) aka the burstyness. Thus, a
CNN model can capture how often that happens and at what frequency (for example: every ten
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games or twenty games) similar to the FFT. Additionally, the CNN model can encode the position

of these bursts relative to each other which FFT does not. CNN model encodes these features

though taking the convolution of the data stream. Different filters are convolved with the data. A

filter is convolved by multiplying the filter with the input. Then the filter is shifted one step and

multiplied by the input again and so forth as shown in Figure 4-9 below.

cO cl
x0 x1 X2 X3 x4 x5 X6 Xn
cO cl
x0 x1 X2 X3 x4 X5 X6 Xn
cO cl
x0 x1 X2 x3 x4 x5 X6 Xn

Figure 4-9 An Example Diagram of Convolving a Filter with a 1-Dimensional Data

In the figure above, c0 and cl are the values of the filter. At each multiplication instance

of filter being multiplied by an input, the output is calculated per (4-3) below.

convolution output of step, = (¢, * x,) + (Cpy1 * Xnt1)

(4-3)

The input data of Convolutional Neural Network (CNN) were similar to that of DNN. The

model is designed as in the figure below.

52



Convolution

Input Layer

.| Flatten

Layer

| Dense
"l Layer 1

Dropout

Dense

"| Layer 2

Figure 4-10 CNN Model Layers Diagram

Output

The input is 150 neurons. The convolution layer uses 32 filters with a kernel size of 8.

Dense Layer 1 has 200 neurons. The dropout rate used is 0.25. Dense Layer 2 has 2 neurons which

are the classifier outputs. The dropout is one of the simpler techniques used to counter overfitting.

In this technique, a randomly selected small number of neurons are ignored during training. In

each training step, different neurons are randomly selected to be ignored. This leads to a robust

model where it is not highly dependent on certain neurons. It is worth noting that the dropout is

only used in training. It is not used when calculating the validation accuracy or when the model is

used in deployment.
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CNN: Training & Validation Accuracies
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Figure 4-11 The Training and Validation Accuracies for CNN Model

In the figure above, the best validation accuracy is 59.11% which is just slightly better than
the 58.73% of the DNN with FFT preprocessing. Furthermore, the validation accuracy is 87.33%

when the two classes have winning percentages of 70% and 80%.

On the other hand, another possible approach is worth highlighting. Now, when the player
is in the Good state, the player has a higher probability of winning but that probability is not certain
(not 1). Thus, by looking at the data, seeing that a player had won does not mean that the player is
in the Good state. This adds a noise to the data. Assume, there is an intermediary system that labels

a play of Win/Loss into Following/Not-Following a strategy. Then the resulting data would have
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1 for Following a strategy and O for Not-Following a strategy. In this case, both neural network
models DNN and CNN yielded accuracies higher than 99% when the data are labelled as either
Following or Not-Following a strategy. However, these models require an intermediary model that
can pre-process/classify the gameplay data of Win/Loss into Following/Not-Following a strategy.
Such an intermediary model Figure 4-12 was proposed in a separate work [47] which checks

whether the player’s strategy resembles any of the statistically most likely winning strategies.

Game play data o .
Prediction Model of Following Classes Prediction Model
or Mot Fallowing a strategy :> :>

Figure 4-12 Inference of following or no following a successful strategy

4.3 Summary

In this chapter, first preliminary ways of synthesizing data were explored. The main purpose
was to provide input so we can explore the classification models in depth, particularly the ML
models. However, ML models did not yield conclusive classification accuracies because the
accuracy depends on how far apart the winning percentages of the two classes are. The accuracy
is around 87% when the winning percentages of the two classes are 80% and 70%. However, in
the next chapter, the work will focus mainly on improving the synthetic data by focusing on

exploring low level simulations and data preprocessing.
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Chapter 5: Advanced Data Synthesis & Classification

This chapter explores data synthesis in a granular manner as opposed to the naive approach in
4.1. Then, those synthesized data are used to train the classifier models displayed previously in

4.2. The main work in this chapter is about the data synthesis.

5.1 Motivation and Data Analysis

The data are in the form of a stream of 150 games which constitute a level. This is referred
to earlier in this work as a “Cognitive Fingerprint™ as shown in Figure 1-5 and Figure 4-2 above.
Each single game in the stream can be represented by a one bit variable as in the naive approach
in 4.1. However, in this chapter, each game is simulated in a more detailed manner. In this
approach, a game can be represented by a more meaningful number. For instance, a game can be
represented by a score that gauges the level of performance in that one game. In another instance,
a game can be represented by a 1 or 0 where the player might be assigned 1 even if they lost the
game if they displayed good performance relative to the cards dealt. Another advantage of this
granular simulation is that the game implicitly captures the exact amount of noise coming from
the fact that this game, WarCAT, involves cards being dealt randomly. The amount and frequency
of this noise might affect the burstyness conjectured in the previous chapter. Thus, here, this and
possibly other overlooked dynamic factors are being taken into consideration with more granular
simulation. Also, this will reduce the amount of surprises when the model connects with real data

in any future deployment.
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5.1.1 Gameplay Analysis

In the game WarCAT, the player can demonstrate their level of performance by playing
with the goal of maximizing the score or the score average of the stream of games. There is more
than one way of playing the game that would lead to, on average, successfully countering the
opponent’s strategy. These ways can be thought of as of either one of two types: fixed strategies
and adaptive strategies. In the fixed strategy, the cards are played with regard to opponent’s
strategy alone and without regard to the opponent’s card at that specific game. An example of a
fixed strategy is playing by sacrificing one card or two cards as discussed before in 1.3.1. In the
adaptive strategy, the player might modify their play based on what information they glean about
the opponent’s cards. For instance, the player might decide to sacrifice two cards if the opponent’s
first card less/more than a certain value. Another example of an adaptive play is when a trained
artificial model or agent is doing the play. Such model or agent can be trained where the actions
are taken with regard to the opponent’s play. There are many algorithms that train models in this
manner. Each way of playing gives different performances or score averages ranging from the
totally random to the maximum performance that manner of playing can give. As such, there are
many ways of playing giving similar score averages. Given that the synthetic data are a substitute
to real data, the synthetic data need to be similar to real human play not just in the score average

but also in capturing the same underpinnings of play.
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5.2 Models for In-Depth Gameplay Synthesis

Multiple models of generating granular gameplay data are explored next. The simpler
models are explored first to establish a reference, then more advanced models that utilize ML are
explored. The ideal goal is having a model that is capable of playing similarly if not better than
the human performance. To gauge human performance, a small tournament was held where a
group of ~30 undergraduate and graduate students played the WarCAT game on mobile phones.
The person who won the tournament achieved a score average of 18.5 and a winning percentage
of 84.6%. This person had played six games with a score average of 18.3 and a winning percentage
of 83.8%. However, the score average of all 30 students is 15.69 and the winning percentage is

80.56%.

5.2.1 Simple Winning Strategies

Since the computer always plays with the same strategy throughout the 150 games, we can
find a counter play strategy throughout those games. 150 games are used here instead of 50 games
to improve the data (lower the noise). Also, 150 can reflect a gameplay of 3 levels of 50 games
where a longer-term goal would have been for the computer to alter their strategy from level to
level. However, currently the computer plays with the same strategy throughout the 150 games.
For example, let the computer strategy be playing its cards in a descending order high to low. Then,
one counter strategy would be play the lowest card first, then playing the four remaining cards

high to low as shown in Figure 5-1 below.
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Figure 5-1 an example of computer's strategy and a player's counter strategy

The rounds are played consecutively left to right. After playing all five rounds, the player
or the computer with the highest aggregate points wins the game. The points are awarded per
equation (1-1) above. In fact, this counter strategy of playing the lowest card first gives a score
average of 14.71 points and a winning percentage of 77.1%. Another winning strategy is
sacrificing the lowest two cards first, then playing the rest high to low. This second strategy gives
a score average of 9.19 and winning percentage of 85.74%. These score averages are below the
top human level of 18.5. These different styles of play can be considered different classes to train
the ML classifier in the later sub-part of this chapter. They can even be mixed with the probability
of random play to produce a similar type of play but with lower score average or winning
percentage.

The second strategy is safer with winning percentage but yields less score average than the

first strategy. However, these two strategies can be used either one or the other depending on the
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cards dealt per game. For example, here is an adaptive strategy that uses either one of both
depending on the situation. Make the first strategy the default and thus playing the lowest card
first. However, if opponent’s first card indicates a risky situation, then switch to the second strategy
and thus play the second lowest card. Risky situation means when the opponent happens to be
dealt high cards and the player happens to be dealt low cards. An example of detecting that would
be if the opponent’s first played card (opponent’s highest card) is an Ace and the player’s highest
card is less than an Ace. In fact, this laid out example yields a score average of 15.72 and winning

percentage of 80.62%.

5.2.2 Expected-Value-Based Play

Here is a purely statistical model that calculates the expected card value from all the
possible cards in the deck. For the first card, the expected value is 12.3 if the opponent is playing
with strategy of playing high to low. This is the expected value of the maximum of five cards. For
the other cards, the expected values are shown in the table below.

Table 5-1 The Expected Value of

Card Statistical Expected Value Average Number
Number (Not Adaptive) of Combinations
1 12.30 371,280 exactly

2 10.17 ~81,126

3 8.00 ~14,134

4 5.83 ~2,345

5 3.70 N/A

These expected values are calculated empirically from checking all different combinations
of 5 cards where each card can have a value of 2 up to 14 (Ace). There are 371,280 different
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combinations. Each one of these combinations is made of 5 cards that are sorted. When it comes
to playing the first card, the expected value is calculated out of those 371,280 combinations. Then
when it is the second card’s turn, at this point the opponent’s first card is known. Then, out of
those 371,280 combinations, only a portion of them have the first card that matches the opponent’s
first card. Then, the same for third and fourth cards. Then, the fifth card is played as it is the only
one left.

Since each play move is calculated on the spot, the model does not require training.
However, a drawback of this approach is large amount of calculations required for each move.

However, the achieved expected score with this approach is ~12.67. This is not better than
what was achieved with simply following a constant strategy and not better than the human level
of ~18.5. Perhaps, the poor performance is a result of this model looking only one step ahead. Only
one card is considered when deciding the move. This strategy is to maximize the instantaneous

current card score without regard for a larger strategy that maximizes the final 5-cards score.

5.2.3 Reinforcement Learning (RL)

The adaptive strategy in 5.2.1 above outperformed the fixed strategy because it can have two
options to deal with a situation. A trained model or agent can learn even greater options to deal
with a situation with even more nuance. Therefore, such model will, in general, have the potential

to achieve better performance.

Furthermore, one means to establish the credibility of ML for classification is to generate a
dataset of synthetic data that would have similar characteristics as a data derived from a real person

playing the game. With this objective in mind, techniques to generate synthetic data focused on
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Reinforcement Learning were explored. The basic idea was not to create synthetic player bots with
artificial intelligence superior to human performance, but rather bots that exhibited artificial but
intelligent behavior. This was demonstrated through training player bots with a range of different
numbers of training patterns. Those trained with fewer patterns ostensibly would represent players
with cognitive decline. Those trained with a large number of training patterns represent players
with no cognitive difficulty. The basic idea is to consider RL as a learning means similar to human
learning. In general, the more training, the better the RL bot’s performance. Analogously the less
training, the lower the RL bot’s performance. Specifically, here we consider the well-trained bot
as not displaying any form of cognitive decline whereas the lesser trained bot as consequently

suffering some form of cognitive difficulty.

Generating synthetic data to emulate cognitive difficulties or decline is ideally suited to the
ML technique of RL. Of all ML strategies, RL is the one that most closely emulates the means in
which humans learn many tasks. In general, a stimulus is presented, an action taken, and a reward

provided as illustrated in Figure 5-2 below.

Stimulus $ Action :> Reward

Figure 5-2 Stimulus-Action-Reward Paradigm

In the case of WarCAT, the stimuli are the cards played by the computer (game bot) and
the action is the card played by the player (player bot). The objective is then to build player bots

to emulate players with various levels of cognitive decline. Although RL has a long history and
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various mathematical manifestations, the principles are simple. Player bots learn through repeated
play where positive rewards reinforce actions that emit further positive rewards, unless there is a
tie, in which case the score for that play is 0. A positive reward is associated with winning, while
a negative reward or score with losing. With this scoring in place, it is easier to learn a winning

strategy through reinforcement if play undertaken wins more often.

The approach takes its lead from Al techniques being applied to game agents or bots [48].
In the case of Al agents in games, typically the objective is not to outsmart players. Rather, the
objective is to have the agents be as smart as necessary to maintain the human player’s engagement
and sense of challenge and fun. The objective is not to push the limits of ML within the bot, as
would be the case in many ML optimization instances. For our purposes, the ML bot needs to be
imperfect (and further, displays varying degrees of imperfection), thereby, imitating a human-like
behavior. More specifically the objective is for the bots to display artificial behavior as opposed
to superhuman-like superior artificial intelligence. With this objective, the goal is to train bots for
various periods of time or for various number of training patterns or iterations. Bots trained with
minimal iterations will essentially have little knowledge of what to do, while those that have been
trained longer will have learned strategies that enable them to win consistently. As such, bots with
various levels of training will represent human play with various levels of impairment or cognitive

decline.
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5.2.3.1 Q-Learning

The size of all possible stimuli (choosing 5 cards out of the deck) for the first card played

is all the combinations with repetition allowed, but order is not important. Its notation is as follows:

Combinations (repetition allowed, order notimportant) = ,,,,_,C, (5-1)
n = the number of different cards, r = the number of selected cards.
Cardl States Size (n =13,r =5) = ;3,5_,C5 = 6,188

For the second card, we take all the possible combinations as in (5-1) with r = 4. Then, since the
opponent’s last card is considered as well, Card2 state size is multiplied by the different cards in
the deck. Also, since only four cards are available of each nominal card in the deck, the states that
are made of five similar cards are not possible. Therefore, 13 is subtracted out of each state size of
the five cards. The state sizes of all cards are shown in Table 5-2 below. Card5 does not require a

model as there is only one card left to play.

Table 5-2 State Size for Each Card

Card Played State Size

Cardl 6,175
Card2 ~23,627
Card3 ~5,902
Card4 ~1,170

The numbers are relatively small, not requiring a deep network. Therefore, the tabular Q-

learning algorithm is a suitable choice for the Al bot. However, the actions size is not constant as
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it is 5 for the first card, then decreases by 1 every time a card is played. Figure 5-3 below illustrate

a visual map of the states and actions for each of the cards played.

Card4
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Figure 5-3 Illustration of Actions and States as a Game Progresses

There are four different Q-tables for each of the cards played. The Q value updates

according to (5-2), (5-3) where the Q value of table n+1 is used to update the Q value of table n.

new — old ]
Q Q + q (learned value) (5-2)
Table Card n Table Cardn  Learning Rate
learned value= r + y .max Q
N——r N—— N———
reward discount factor Table Card n+1 (5_3)

estimate of optimal
future value

The r (reward) in (5-3) corresponds to the score of the card played which is calculated

according to (1-1) in Section 1.3.1 above. The Q value of card-4-table gets updated where the
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learned value in (5-2) is the final aggregate score of that game according to (1-2) in Section 1.3.1

above.

To play with a more advanced level of play, it is important to make the process of selecting

an action to also consider the previous cards played by the opponent. So, the opponent’s last played

card would need to be involved in the stimuli or the states. The state size of the first card is all the

possible combinations of the Al bot’s 5 cards as none of the opponent’s cards are revealed yet. For

the subsequent cards, the size of the states is all possible combinations of the remaining cards plus

the opponent’s last played card. To ensure that no two states share the same Q-value, each state is

assigned a hash value (address). This hash includes in its encoding the all the cards that define the

state.

Q-Learning Algorithm (for 5 cards)

1:

XN R W

10:
11:
12:
13:

Initialize Si-0w 4 = nUmMber of all possible combinations of hand of cards, (i=0 — first card)
Initialize Aj=014 = 5 — j, which is the number of available actions
Initialize 5 Q (S, A)) tables to store Q-values. One table for each of the cards
Initialize a = Learning rate
Initialize y = discount factor
while Q not converged do

forstept« 1to T do

simulate a WarCAT game

cards 1 to 4: score of the single card played

reward =
{cardS: final score

From card 1 to card 5:
New Q(Si, Aj) < Old Q(Si, Aj) + a * (reward + v * max(Q(Si+1)))
end
end

Figure 5-4 Pseudocode of the version of Q-Learning used in this work
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5.2.3.2 Complete Solution (brute force)

Another approach is not implemented in this work but it is worth mentioning. The approach
is brute force search solution. There are 13" (5 player cards+5 opponent cards) = about 138 billion
possible cases. There are databases that can handle such size. Also, this size is not impossible for
a cloud computation to perform operations. For example, GPT-3, which is language model
developed by the Al company OpenAl, had 175 billion parameters [49]. Meanwhile the cost of
computation is decreasing with time. However, this requires too much computational resources

that are beyond the size of this work.

5.2.3.3 Results

The highest average score possible is ~25 if perfect knowledge is provided about the opponent’s
cards and the order in which they are played. On the other hand, the human’s highest average score
was about 18.5 from a tournament of about 30 participants. This average score is exceeded by the
Al bot as shown in Table 5-3 and Figure 5-5 at around 275 million Epochs. Each score average
shown is the average of 1 million games played using the Al bot that was trained with that number

of Epochs.
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Figure 5-5 The Score average performance of the RL bot

Table 5-3 Levels Used to Emulate the Al Bot's Score Average

Epochs (Millions) Average Score

0

1

10

15

30

0.18304

11.86888

12.40905

13.58131

14.33171

15.17609

16.16207

Epochs (Millions) Score Average

50

100

200

230

275

400

660

17.17993

17.9266

18.47558

18.58362

18.64247

18.73655

18.8828

The table above shows the various learning periods represent prototypes of various

cognitive abilities based upon their degree of training.
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5.3 Classification

5.3.1 Introduction
The CNN classifier (discussed in Section 4.2.4 above) will be used here as it yielded

slightly better results that its counterparts such as: simple statistical model, DNN, and FFT models.

5.3.2 Improving the data

One way of improving the data is lowering the variance. As the game is stochastic in nature,
there is considerable variation in the score per game. This variation will present a challenge for
any ML classifier. The variation can be mitigated to a large degree by normalizing play against
the best score possible, which is, on average, calculated at a value of ~25, again with some variation
associated with the hands dealt. Figure 5-6 illustrates an example of normalizing the scoring
against the maximum possible per hand for each player. In effect, the result is the “residue” or
remainder, or points left on the table for a given hand. Thus, the variance can be reduced by

approximately 60% as shown.
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Figure 5-6 Reduction in variance using the residue from best possible score for each hand

The reduction in variance seen in Figure 5-6 is a result of the difference between two
Gaussian distributions (one associated with maximum scores possible given the cards that were
dealt and the score the player bot achieved after learning). The variance is reduced as there is a
high covariance between the best score obtainable and the score the player bots achieved. This
observation lends additional credibility to a ML classifier as the classification of players with
various levels of training should form more recognizable clusters with less overlap.

From these residual data of 150 games, one constructs a fingerprint of play. Each

fingerprint consists of the score residue of each game (residue from maximum score), the average
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of the 150 scores, and the average of the 150 maximum scores. This leaves an input vector of ML
features totaling 152 inputs as representing a person’s play.

These patterns of play of “cognitive fingerprints”, represent play associated with various
levels of learning or cognitive acuity. The conjecture is that the differences in these “cognitive
fingerprints” will be significantly easier to classify using the normalized score per hand than the
actual scores. An interesting artifact of play is that although the scores appear highly erratic
(normalized data in Figure 5-6), they are significantly quantized when compared to the maximum
score achievable for that game. The reason for this effect is that the quantization is directly related
to patterns of play associated with misplayed cards. Basically, these represent permutations of (at
most) three misplayed cards, which results in score differences of 0, 13, 26 or 39 points.

Using RL bot developed in Section 5.2.3.1, five different stages of training were used to generate
five different classes of gameplay data, as shown in Table 5-4 below.

Table 5-4 RL Bots at 5 Different Learning Stages and Their Average Scores

Class Epochs (Training) Score Average
RL Classl 1,000,000 11.88046
RL Class2 5,000,000 13.59851
RL Class3 15,000,000 15.0722
RL Class4 50,000,000 17.23785
RL Classb 660,000,000 18.92467

Based on these observations and new features, another attempt was made at classifying the
now-quantized synthetic data using a CNN. Five classes were extracted from the Al or RL bot at

different stages of learning as shown in Table 5-4, where each class represents a different degree
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of a player’s cognitive impairment. For each class, over 8e10° games were simulated from those
RL bots. Every 150 games were grouped to make a stream of games emulating individual players’
cognitive fingerprints, thus totaling a respectable 55,000 games or synthetic players. Those were
cast into training set patterns of 50,000 and validation set patterns of 5,000. First, the CNN model
was trained on two classes: RL Class4 and RL Class5 from Table 5-4. Figure 5-7 show the cross-
validation accuracy of 83.5%. This can be interpreted as the classifier’s ability to distinguish two
neighboring degrees of cognitive impairment with an accuracy of 83.5%.
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Figure 5-7 (RL Class4, RL Class5), Testing size = 5000, Training size = 50000

It is expected that it would be more difficult for the model to classify two neighboring
classes from Table Il than to classify two classes that are further apart. Therefore, Figure 5-8 shows
a higher accuracy of 97.9% when the model was training on the two classes: RL Class3 and RL
Class5. This can be interpreted as the classifier’s ability to distinguish two very different degrees

of cognitive impairment with an accuracy of 97.9%.
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Figure 5-8 (RL Class3, RL Class5), Testing size = 5000, Training size = 50000

A sixth class added was the “Basic Strategy” associated with always sacrificing the lowest card
first then playing the remainder high to low. This strategy gives an average score of 14.71. This
class, along with RL Class3, were used to train the model since these two classes share close score
averages. The testing accuracy result was 65.3% as illustrated in Figure 5-9. This can be interpreted
as the classifier’s ability to distinguish between medium-level cognitive impairment and the rote
implementation of a memorized strategy with no hand-by-hand judgement with an accuracy of

65.3%.
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Figure 5-9 (Basic Strategy, RL class3), Testing size = 5000, Training size = 50000
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It is interesting to note that the accuracy was higher when the same model in Figure 5-9
was trained on a randomly selected subset of its dataset. Figure 5-10 shows a testing accuracy of
75.5% when the training set was 10,000 and the validation set was 1,000. The reason for this
unexpected increase in accuracy is currently unknown. It also manifests when the models shown
in Figure 5-7 and Figure 5-8 use smaller datasets. The model was also trained on the five RL

classes at once. Figure 5-11 illustrates the testing accuracy.
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Figure 5-10 Two classes (Basic strategy, RL class3), Testing size = 1000, Training size = 10000
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Figure 5-11 Five RL classes, Testing size = 1000, Training size = 10000
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5.4 Results Summary

The results of the RL endeavor is that a 1.6 difference in score average leads to around
83% to 86% in accuracy in classification (without intermediary model). This is an encouraging
result given that such a difference in score average exists among healthy students from the 30
student tournament. It is likely then that such difference would exist between a healthy person and

a person with MCI.

Chapter 6: Extensions to This Work

6.1 Getting gameplay data from people with MCI

A lot the results in this work depend on how different the two classes of data are. It is not
clear how much a person with MCI differs in performance in the WarCAT game from a healthy
person. Therefore, getting real human data from healthy people and crucially from people with
varying levels of MCI can illuminate much of the importance of the results. Even, a small amount
of real data can serve as baseline similar to the 30-person tournament data used here. Besides
giving an idea of the significance of the applicability of this work, real data can test how engaging
the game is with people with MCI. While technically feasible, challenges include finding enough
participants in each demographic category, and the human ethics implications of gathering data
from human subjects. Real human data (if available) can also be used as a part in the training data

set of the ML models. Its role can then gradually increase as more data becomes available.
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Chapter 7: Summary & Conclusion

To potentially detect MCI, ML algorithms are utilized in conjunction with the WarCAT SG
in two ways. First, an RL bot was trained until it surpassed human performance to generate several
classes of artificial player data. Second, CNN classifiers were trained on data from the RL bots at
different levels of performance. Currently, they can classify two RL learning stages with 1.69
average score performance difference with 83.5% accuracy. A higher average score difference
gives even greater discrimination accuracy. These results bode well in justifying ML approaches
within SGs to help in the early detection of MCI. The next step will be to induce distractions, “loss
of set’, or momentary lapses of concentration within the RL bots’ play to emulate memory slips or
“senior moments”. Future work will also investigate the use of Generative Adversarial Networks

(GANSs) for data synthesis and Recurrent Neural Networks (RNNs) for classification.

This application of using WarCAT to potentially detect subtle cognitive impairment is
analogous to signal processing techniques used to correct for errors in a communication channel.
Error control coding is directly analogous to MCI and the brain’s ability to adapt and correct. This
capability of the brain is also one of the reasons detecting MCI is so difficult. Take a familiar QR

code as an example as shown in Figure 7-1 below.

Figure 7-1 QR codes without error, with minimal defects, and with considerable defects
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The left hand QR code has no defects, analogous to no cognitive decline and easily captured
by a QR code reader, the middle has discernable defects but still easily decoded by a QR code
reader as consequence of the ECC, the right side QR code has significant number of defects making
it difficult or impossible to decode the QR code.

As in the case with cognitive impairments, often when a positive clinical diagnosis is made,
there is already too great a degree of cognitive impairment for therapeutic interventions to be
useful. The ML approaches presented here on gameplay data are akin to building error monitoring
tools that attempt to recognize subtleties with ML classifiers before they are obvious to the ‘user’
or others around them. This type of instrumentation is available within ECC hardware although
rarely exploited,

In a communication channel, signal processing techniques are used to correct for errors in
much the same manner as the human brain corrects for degradation in function. Similar to a noisy
communication channel, the person listening to music on their phone may not even know that the
channel was noisy, as the errors were corrected by software and hardware before the music was
presented to the listener and thus remain beyond the user’s detection or awareness. It is only when
the channel noise increases to such a degree that it cannot be corrected, that a person would realize
that the communication channel was seriously degraded, perhaps beyond repair or correction.
Modern communication service and the devices themselves maintain channel condition reports
and error rate statistics. These concepts provide direction that instrumenting serious games and
other surveillance systems might employ to help detect MCI.

Presently, there is limited work on serious games that can detect MCI or any pre-dementia
stage of abnormal cognitive decline. If ML is to be effective, considerable data are required. Many

areas in which ML techniques have demonstrated utility are those where data are already available,
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or if not, where data can be generated synthetically. Ideally, one would like to have labeled data
such that a supervised ML algorithm can be deployed. Of the more successful of these are CNNs,
where they have been incredibly successful for image, music and speech processing. The cognitive
fingerprints — based off real data as well as the synthetic data - have a very close similarity to one-
dimensional images or spectrograms and as such may bear similar fruit in ML classification by
CNNs. Another strong ML contender for this type of data are RNNs as well as hybrids of both.
RNNs are well suited to time series data and as such worth consideration as gameplay can be
posited as a type of time series data.

Although serious games and the challenges of data collection and processing was presented
here, it certainly is not the only platform that could be employed to help detect MCI. Many games
are likely more suitable, but all will face similar challenges. Others, perhaps more invasive and
nefarious, may be built upon Google’s, Amazon’s, and Apple’s personal assistants. It should also
be noted that RL is only one of several means to generate synthetic data; RL just happens to be

more widely used in games than alternative techniques.
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Appendix A WarCAT Gameplay Data Sample
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Appendix B Code/Pseudo-Code

The code presented here was used in multiple instances with varying parameters. The
parameters in this presented code may be only one of many different runs with differing
parameters. This code is not the whole code that was used. However, it should provide most of the

picture of the used code.

requirements.txt (installed on python3.8)
numpy==1.22.3

matplotlib==3.5.1

seaborn==1.8.0

scikit-learn==1.0.2

tensorflow==2.8.0

simple_data_generator.py (used in Section 4.1)
import numpy as np
import random

class SimpleDataGenerator:
def __init__ (self, classes_parameters):
self.game_size =[]
self.data_type =[]

self.label =[]

self.bin_p =]
self.our_p=T1]
self.bur_r =]
self.obur_k =]
self.our_h=1]
self.seed =]

self.classes hum =0

for parameters in classes_parameters:
assert parameters[“data_type"] in ["binomial", "burst_error"]
self.game_size.append(parameters[“game_size"])
self.data_type.append(parameters['data_type"])
self.label.append(parameters["label™])
self.bin_p.append(parameters[“bin_p"])
self.bur_p.append(parameters["bur_p"])
self.bur_r.append(parameters[“bur_r"])
self.bur_k.append(parameters["bur_k"])
self.bur_h.append(parameters["bur_h"])
self.seed.append(parameters[“seed"])
self.classes_num +=1

def generate(self, data_size):
data =]
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labels =[]
for i in range(self.classes_num):
if self.seed[i] is not None:
np.random.seed(self.seed[i])
random.seed(self.seed[i])

for _in range(data_size):
if self.data_type[0] == "binomial":
data.append(np.random.binomial(n=1, p=self.bin_p[i], size=self.game_size[i]))
else:
games =[]
state = bool(random.randint(0, 1))
for _ in range(self.game_size[i]):
if state:
x = int(random.random() < self.bur_K[i])
state = not bool(random.random() < self.bur_p[i])
else:
x = int(random.random() < self.bur_h[i])
state = bool(random.random() < self.bur_r[i])
games.append(x)
data.append(np.asarray(games))
labels.append(self.label[i])

data = np.asarray(data, np.float32)
labels = np.asarray(labels, np.float32)
return data, labels

def get_burst_error_rates(self):
error_rates = []
for i in range(self.classes_num):
error_rates.append((1 - self.bur_K[i]) * (self.bur_r[i] / (self.bur_r[i] + self.bur_p[i])) + (
1 - self.bur_h[i]) * (self.bur_p[i] / (self.bur_r[i] + self.bur_pl[i])))
return error_rates

if _name__=="_main_"
classl_params = {"game_size": 4,
"data_type": "binomial",
"label": 0,
"bin_p": 0.5,
"bur_p™: 0,
"bur_r": 1,
"bur_k™: 0.75,
"bur_h": 0.5,
"seed": None}
class2_params = {"game_size": 4,
"data_type": "binomial",
"label": 1,
"bin_p": 0.65,
"bur_p": 0.13333,
"bur_r": 0.43,
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"bur_k™: 0.75,

"bur_h": 0.5,

"seed": None}
classes_params = [classl_params, class2_params]
class_gen = SimpleDataGenerator(classes_params)
print(class_gen.generate(3))
print(class_gen.get_burst_error_rates())

average based 2classes.py (used in Section 4.2.1)

import numpy as np

import matplotlib.pyplot as plt

import seaborn as sns

from sklearn.metrics import confusion_matrix

from simple_data_generator import SimpleDataGenerator
seed =0

classl_params = {"game_size": 100,
"data_type": "burst_error", # "binomial" or "burst_error"
"label": 0,
"bin_p": 0.5,
"bur_p": 0.5, # p to good state
"bur_r": 0.5, # p to bad state
"bur_k™: 0.75, #p of 1 in good state
"bur_h": 0.5, #p of 1in bad state
"seed": None}

class2_params = {"game_size": 100,
"data_type": "burst_error",
"label": 1,
"bin_p": 0.65,
"bur_p™: 0.2,
"bur_r": 0.2,
"bur_k": 0.75,
"bur_h": 0.5,
"seed": None}

prms = [class1_params, class2_params]
data_gen = SimpleDataGenerator(prms)

data, labels = data_gen.generate(10000)
bur_errors = data_gen.get_burst_error_rates()
print(bur_errors)

cutoff_threshold = np.mean([prms[i]["bin_p"] for i in range(len(prms))]) if prms[0]["data_type"] ==
"binomial” else 1 - np.mean(bur_errors)

preds = [int(np.mean(data[i]) > cutoff_threshold) for i in range(len(data))]
tn, fp, fn, tp = confusion_matrix(labels, preds).ravel()
sensitivity =tp / (tp + fn)
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specificity = tn / (tn + fp)
accuracy = (tp +tn) / (tp + tn + fp + fn)

print(f"Sensitivity = {sensitivity}")
print(f"Specificity = {specificity}")
print(f*Accuracy = {accuracy}")

avgl = [np.mean(data[i]) for i in range(len(labels)) if labels[i] == 0]
avg2 = [np.mean(data[i]) for i in range(len(labels)) if labels[i] == 1]
print(“class 1 avg: " + str(np.mean(avgl)))
print("class 2 avg: " + str(np.mean(avg2)))

fig, ax = plt.subplots()

sns.kdeplot(avgl, bw_method=0.1, label="Histogram of classl Averages")

sns.kdeplot(avgl, bw_method=0.1, clip=[cutoff_threshold, 1], fill=True)

sns.kdeplot(avg2, bw_method=0.1, label="Histogram of class2 Averages")

sns.kdeplot(avg2, bw_method=0.1, clip=[0, cutoff_threshold], fill=True)
plt.axvline(x=cutoff_threshold, color="r', linewidth=3, linestyle='dashdot’, label="cutoff threshold")
plt.legend(loc="upper left")

plt.title(f"{prms[0]['data_type} Data")

plt.show()

dnn.py (used in Section 4.2.2)

import tensorflow as tf

from tensorflow import keras

from tensorflow.keras import layers
import matplotlib.pyplot as pit
import matplotlib.ticker as mtick
import numpy as np

import time

from simple_data_generator import SimpleDataGenerator

inputs = keras.Input(shape=(100,), name="digits")

x = layers.Dense(200, activation="relu", name="dense_1")(inputs)

x = layers.Dense(100, activation="relu", name="dense_2")(x)

outputs = layers.Dense(2, activation="softmax", name="predictions")(x)

model = keras.Model(inputs=inputs, outputs=outputs)

classl_params = {"game_size": 100,
"data_type": "burst_error", # "binomial” or "burst_error"
"label": 0,
"bin_p": 0.5,
"bur_p™: 0.5, # p to good state
"bur_r": 0.5, # p to bad state
"bur_k": 0.75, #p of 1in good state
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"bur_h": 0.5, #p of 1in bad state

"seed": None}
class2_params = {"game_size": 100,

"data_type": "burst_error",

"label": 1,

"bin_p": 0.65,

"bur_p™: 0.2,

"bur_r": 0.2,

"bur_k": 0.75,

"pbur_h": 0.5,

"seed": None}

prms = [class1_params, class2_params]
data_gen = SimpleDataGenerator(prms)
bur_errors = data_gen.get_burst_error_rates()
print([1 - x for x in bur_errors])

X_train, y_train = data_gen.generate(100000)
X_test, y_test = data_gen.generate(10000)

y_train =y _train.astype("float32")
y test =y test.astype("float32")

model.compile(
optimizer=keras.optimizers.Adam(), # Optimizer
# Loss function to minimize
loss=keras.losses.SparseCategoricalCrossentropy(),
# List of metrics to monitor
metrics=[keras.metrics.SparseCategorical Accuracy()],

)

start_time = time.time()
print("Fit model on training data")
history = model.fit(
X_train,
y_train,
batch_size=1000,
epochs=70,
# We pass some validation for monitoring validation loss and metrics at the end of each epoch
validation_data=(x_test, y_test),
shuffle=True
)

run_time = int(time.time() - start_time)

fig = plt.figure()

plt.plot(history.history['loss], label="Training Loss")
plt.plot(history.history['val_lossT, label="Validation Loss")
plt.legend()

plt.xlabel('Epochs’)

plt.ylabel('Loss Value’)

plt.title(DNN: Cross Entropy Loss")
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plt.show()
#fig.savefig(FDNN_Cross_Entropy Loss_Adam_2c¢ (run_time={run_time}_sec) 0.2.svg',
format="svg")

fig = plt.figure()

ax = plt.axes()

plt.plot(np.array(history.history['sparse_categorical_accuracy])*100, label="Training Accuracy")
plt.plot(np.array(history.history['val_sparse_categorical_accuracy'])*100, label="Validation Accuracy')
plt.legend()

plt.xlabel('Epochs")

plt.ylabel('Accuracy %"

ax.yaxis.set_major_formatter(mtick.PercentFormatter())

plt.title('DNN: Training & Validation Accuracies')

plt.show()

#fig.savefig(FDNN_Training_& Validation_Accuracies_Adam_2c_(run_time={run_time}_sec) 0.2.s
vg', format="svg")

max_val = np.max(history.history['val_sparse_categorical_accuracy")
print(f'max val accuracy: {max_val}")

fft.py (used in Section 4.2.3)

import tensorflow as tf

from tensorflow import keras

from tensorflow.keras import layers
import matplotlib.pyplot as plt
import matplotlib.ticker as mtick
import numpy as np

from scipy.fftpack import fft
import time

from simple_data_generator import SimpleDataGenerator

inputs = keras.Input(shape=(100,), name="digits")

x = layers.Dense(200, activation="relu", name="dense_1")(inputs)

x = layers.Dense(100, activation="relu", name="dense_2")(x)

outputs = layers.Dense(2, activation="softmax", name="predictions")(x)

model = keras.Model(inputs=inputs, outputs=outputs)

classl_params = {"game_size": 100,
"data_type": "burst_error", # "binomial" or "burst_error"
"label": O,
"bin_p": 0.5,
"bur_p™: 0.5, # p to good state
"bur_r": 0.5, # p to bad state
"bur_k™": 0.75, #p of 1 in good state
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"bur_h": 0.5, #p of 1in bad state

"seed": None}
class2_params = {"game_size": 100,

"data_type": "burst_error",

"label": 1,

"bin_p": 0.65,

"bur_p™: 0.2,

"bur_r": 0.2,

"bur_k": 0.75,

"pbur_h": 0.5,

"seed": None}

prms = [class1_params, class2_params]
data_gen = SimpleDataGenerator(prms)
bur_errors = data_gen.get_burst_error_rates()
print([1 - x for x in bur_errors])

X_train, y_train = data_gen.generate(100000)
X_test, y_test = data_gen.generate(10000)

X_train = np.abs(fft(x_train))
X_test = np.abs(fft(x_test))

y_train =y_train.astype("float32")
y_test =y test.astype("float32")

model.compile(
optimizer=keras.optimizers.Adam(), # Optimizer
# Loss function to minimize
loss=keras.losses.SparseCategoricalCrossentropy(),
# List of metrics to monitor
metrics=[keras.metrics.SparseCategorical Accuracy()],

)

start_time = time.time()
print("Fit model on training data™)
history = model.fit(
X_train,
y_train,
batch_size=1000,
epochs=70,
# We pass some validation for monitoring validation loss and metrics at the end of each epoch
validation_data=(x_test, y_test),
shuffle=True
)

run_time = int(time.time() - start_time)

fig = plt.figure()

plt.plot(history.history['loss], label="Training Loss")
plt.plot(history.history['val_loss, label="Validation Loss")
plt.legend()
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plt.xlabel('Epochs")

plt.ylabel('Loss Value")

plt.title('FFT: Cross Entropy Loss')

plt.show()

# fig.savefig(fFFT_Cross_Entropy_Loss_Adam_2c_(run_time={run_time} sec)2.svg', format="svg")

fig = plt.figure()

ax = plt.axes()

plt.plot(np.array(history.history['sparse_categorical_accuracy'])*100, label="Training Accuracy')
plt.plot(np.array(history.history['val_sparse_categorical_accuracy'])*100, label="Validation Accuracy')
plt.legend()

plt.xlabel('Epochs")

plt.ylabel('Accuracy %)

ax.yaxis.set_major_formatter(mtick.PercentFormatter())

plt.title('FFT: Training & Validation Accuracies')

plt.show()
#fig.savefig(FFFT_Training_&_Validation_Accuracies_Adam_2c_(run_time={run_time}_sec)2.svg',
format="svg")

max_val = np.max(history.history['val_sparse_categorical_accuracy")
print(f'max val accuracy: {max_val}")

cnn.py (used in Section 4.2.4)

import tensorflow as tf

from tensorflow import keras

from tensorflow.keras import layers
import matplotlib.pyplot as plt
import matplotlib.ticker as mtick
import numpy as np

import time

from simple_data_generator import SimpleDataGenerator

inputs = keras.Input(shape=(100, 1,), name="digits")
convl = layers.Conv1D(32, 8, activation="relu", name="Conv1")(inputs)

flatten = layers.Flatten()(convl) #pool2)

x = layers.Dense(200, activation="relu", name="dense_1")(flatten)

dropl = layers.Dropout(0.25)(x)

outputs = layers.Dense(2, activation="softmax", name="predictions™)(dropl)
model = keras.Model(inputs=inputs, outputs=outputs)

classl_params = {"game_size": 100,

"data_type": "burst_error", # "binomial" or "burst_error"
"label": O,
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"bin_p": 0.5,
"bur_p": 0.5, # p to good state
"bur_r": 0.5, # p to bad state
"bur_k™": 0.75, #p of 1 in good state
"bur_h": 0.5, #p of 1in bad state
"seed": None}

class2_params = {"game_size": 100,
"data_type": "burst_error",
"label": 1,
"bin_p": 0.65,
"bur_p": 0.2,
"bur_r": 0.2,
"bur_k": 0.75,
"bur_h": 0.5,
"seed": None}

prms = [class1_params, class2_params]
data_gen = SimpleDataGenerator(prms)
bur_errors = data_gen.get_burst_error_rates()
print([1 - x for x in bur_errors])

X_train, y_train = data_gen.generate(100000)
X_test, y_test = data_gen.generate(10000)

y_train =y _train.astype("float32")
y_test =y test.astype("float32")

model.compile(
optimizer=keras.optimizers.Adam(), # Optimizer
# Loss function to minimize
loss=keras.losses.SparseCategorical Crossentropy(),
# List of metrics to monitor
metrics=[keras.metrics.SparseCategorical Accuracy()],

)

start_time = time.time()
print("Fit model on training data™)
history = model.fit(
X_train,
y_train,
batch_size=1000,
epochs=20,
# We pass some validation for monitoring validation loss and metrics at the end of each epoch
validation_data=(x_test, y_test),
shuffle=True
)

run_time = int(time.time() - start_time)

fig = plt.figure()
plt.plot(history.history['loss’], label="Training Loss")
plt.plot(history.history['val _loss, label="Validation Loss")
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plt.legend()

plt.xlabel('Epochs")

plt.ylabel('Loss Value')

plt.title('CNN: Cross Entropy Loss")

plt.show()

# fig.savefig(fCNN_Cross_Entropy_Loss_Adam_2c_(run_time={run_time}_sec).svg', format="svg")

fig = plt.figure()

ax = plt.axes()

plt.plot(np.array(history.history['sparse_categorical_accuracy'])*100, label="Training Accuracy')
plt.plot(np.array(history.history['val_sparse_categorical_accuracy'])*100, label="Validation Accuracy')
plt.legend()

plt.xlabel('Epochs’)

plt.ylabel('Accuracy %"

ax.yaxis.set_major_formatter(mtick.PercentFormatter())

plt.title(CNN: Training & Validation Accuracies’)

plt.show()

# fig.savefig(FCNN_Training_& Validation_Accuracies_ Adam_2c_(run_time={run_time} sec).svg',
format="svg")

max_val = np.max(history.history['val_sparse_categorical_accuracy")
print(f'max val accuracy: {max_val}")

glearning.py (used in Section 5.2.3.1)
NOTE: training here takes a long time. It takes about 3 days on an average desktop computer to get a
score average > 18.5

import os

import time

import random
import pickle
import datetime
import numpy as np

def getHand():
deck = list(range(2, 15)) * 4
hand = random.sample(deck, 5)
return hand

def getHash(state):
hash = str(state[0])
for bit in state[1:]:
hash +="0" + str(bit)
return hash

class warcatGame():
def __init_ (self):
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self.player_hand =]
self.bot_hand =]
def reset(self):

self.player_hand = sorted(getHand(), reverse=True)
self.bot_hand = sorted(getHand(), reverse=True)
return self.player_hand[:]

def stepl(self, action):
diff = self.player_hand.pop(action) - self.bot_hand[0]
score = np.sign(diff) * 13 - diff
next_state = np.append(self.player_hand]:], self.bot_hand[0])
return next_state, score

def step2(self, action):
diff = self.player_hand.pop(action) - self.bot_hand[1]
score = np.sign(diff) * 13 - diff
next_state = np.append(self.player_hand]:], self.bot_hand[1])
return next_state, score

def step3(self, action):
diff = self.player_hand.pop(action) - self.bot_hand[2]
score = np.sign(diff) * 13 - diff
next_state = np.append(self.player_hand]:], self.bot_hand[2])
return next_state, score

def step4(self, action):
diff = self.player_hand.pop(action) - self.bot_hand[3]
score = np.sign(diff) * 13 - diff
next_state = np.append(self.player_hand]:], self.bot_hand[3])
return next_state, score

def step5(self):
diff = self.player_hand[0] - self.bot_hand[4]
score = np.sign(diff) * 13 - diff
return score

def render(self):
return O

class DQNAgent:
def __init__ (self, state_size, action_size):

self.state_size = state_size
self.action_size = action_size
self.gamma = discount_factor
self.epsilon = epsilon
self.epsilon_decay = epsilon_decay
self.epsilon_min = epsilon_min
self.learning_rate = learning_rate
self.g_table = dict()
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def act(self, state):
hash = getHash(state)
if hash in self.q_table.keys():
act_values = self.q_table[hash]
else:
act_values = np.zeros(self.action_size)
self.q_table[hash] = act_values
if np.random.rand() <= self.epsilon:
return random.randrange(self.action_size)
return np.argmax(act_values)
def predict(self, state):
hash = getHash(state)
if hash in self.q_table.keys():
act_values = self.q_table[hash]
return act_values[:]
else:
self.g_table[hash] = np.zeros(self.action_size)
return np.zeros(self.action_size)[:]

def load(self, name):
with open(name, 'rb") as handle:
self.q_table = pickle.load(handle)

def save(self, name):
with open(name, ‘whb') as handle:
pickle.dump(self.g_table, handle, protocol=pickle. HIGHEST_PROTOCOL)

def train(iterations, save_model=False):
if save_model:
if not os.path.exists(output_dir):
os.makedirs(output_dir)
scoreAverage =]
for e in range(iterations):
statel = env.reset()
actionl = agentl.act(statel)
next_statel, scorel = env.stepl(actionl)
rewardl = constant_reword * scorel
hashl = getHash(state1)
old_gsl = agentl.q_table[hash1]
next_ q = old_gsl[actionl] + agentl.learning_rate * (rewardl + (agentl.gamma
np.amax(agent2.predict(next_statel))) - old_gs1[actionl])
old_gs1[actionl] = next_q
agentl.q_table[hashl] = old_gs1

state2 = next_statel

action2 = agent2.act(state2)

next_state2, score2 = env.step2(action2)
reward2 = constant_reword * score2
hash2 = getHash(state2)

*
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old_gs2 = agent2.q_table[hash2]

next q = old _gs2[action2] + agent2.learning _rate * (reward2 + (agent2.gamma *

np.amax(agent3.predict(next_state2))) - old_gs2[action2])
old_gs2[action2] = next_q
agent2.q_table[hash2] = old_gs2

state3 = next_state?

action3 = agent3.act(state3)

next_state3, score3 = env.step3(action3)
reward3 = constant_reword * score3
hash3 = getHash(state3)

old_gs3 = agent3.q_table[hash3]

next_ q = old_gs3[action3] + agent3.learning_rate * (reward3 + (agent3.gamma *

np.amax(agent4.predict(next_state3))) - old_gs3[action3])
old_gs3[action3] = next_q
agent3.q_table[hash3] = old_gs3

state4 = next_state3

action4 = agent4.act(state4)

next_state4, score4 = env.step4(action4)
reward4 = constant_reword * score4
hash4 = getHash(state4)

old_gs4 = agent4.q_table[hash4]

score5 = env.step5()

totScore = scorel + score2 + score3 + score4 + scoreb

next_q = old_gs4[action4] + agent4.learning_rate * (totScore - old_gs4[action4])
old_gs4[action4] = next_q

agentd.q_table[hash4] = old_gs4

totalScore = scorel + score2 + score3 + score4 + scoreb
scoreAverage.append(totalScore)
if len(scoreAverage) > 500:

scoreAverage.pop(0)

if agentl.epsilon > agentl.epsilon_min:
agentl.epsilon *= agentl.epsilon_decay
if agent2.epsilon > agent2.epsilon_min:
agent2.epsilon *= agent2.epsilon_decay
if agent3.epsilon > agent3.epsilon_min:
agent3.epsilon *= agent3.epsilon_decay
if agent4.epsilon > agent4.epsilon_min:
agent4.epsilon *= agent4.epsilon_decay

if e % print_every n==0:
print("episode: {}/{}, moving average: {.2f}, score: {}, e
n_episodes,np.mean(scoreAverage), totalScore, agentl.epsilon))

if save_model:
if e % save_every n==0:
agentl.save(output_dir + "agentl weights " + '{:04d}".format(e) + ".hdf5")

{:.2}" format(e,
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agent2.save(output_dir + "agent2_weights_" + '{:04d}".format(e) + ".hdf5")
agent3.save(output_dir + "agent3_weights_" + '{:04d}".format(e) + ".hdf5")
agent4.save(output_dir + "agent4_weights_" + '{:04d}".format(e) + ".hdf5")

def validation_test(iterations, load_model = False, model_dir =", iteration_number=0):
if load_model:
agentl.load(model_dir + "agentl_weights_" + '{:04d}".format(iteration_number) + ".hdf5")
agent2.load(model_dir + "agent2_weights_" + '{:04d}".format(iteration_number) + ".hdf5")
agent3.load(model_dir + "agent3_weights_" + '{:04d}".format(iteration_number) + ".hdf5")
agentd.load(model_dir + "agent4_weights_" + '{:04d}".format(iteration_number) + ".hdf5")

def getScore(pCard, bCard):
diff = pCard - bCard
return np.sign(diff) * 13 - diff

alltScore =]

for k in range(iterations):
p = sorted(getHand(), reverse=True)
b = sorted(getHand(), reverse=True)
tScore =0
actl = np.argmax(agentl.predict(p))
tScore += getScore(p[actl], b[0])

p = np.delete(p, actl)

p = np.append(p, b[0])

act2 = np.argmax(agent2.predict(p))
tScore += getScore(p[act2], b[1])

p = np.delete(p, act2)

p = np.delete(p, len(p) - 1)

p = np.append(p, b[1])

act3 = np.argmax(agent3.predict(p))
tScore += getScore(p[act3], b[2])

p = np.delete(p, act3)

p = np.delete(p, len(p) - 1)

p = np.append(p, b[2])

act4 = np.argmax(agent4.predict(p))
tScore += getScore(p[act4], b[3])

p = np.delete(p, act4)
tScore += getScore(p[0], b[4])

alltScore.append(tScore)
print("Accuracy= " + '{:04f}.format(np.mean(alltScore)) + "  from testing "+str(iterations)+"
iterations by loading: " + str(model_dir + "agentx_weights_" + '{:04d}'.format(iteration_number) +
".hdf5 " + str(iteration_number)))

env = warcatGame()
state sizel =5
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state size2 =5
state_size3 =4
state_size4 =3
state size5=2

action_sizel =5
action_size2 =4
action_size3 =3
action_size4d = 2

#parameters

discount_factor = 1.0

epsilon = 1.0 #exploration
epsilon_decay = 0.999999999
epsilon_min =0.01
learning_rate = 0.00075
constant_reword = 1

batch_size =32
n_episodes = 500000001
n_episodes = 50000001
print_every n = 10000
save_every_n = 1000000
current_time = datetime.datetime.now().strftime("%Y-%m-%d_%H;%M;%S")
model_dir = "saved models/"
if not os.path.exists(model_dir):
os.makedirs(model_dir)

output_dir = model_dir + "/time=({})_iterations={}/".format(current_time, n_episodes)

agentl = DQNAGgent(state_sizel, action_sizel)
agent2 = DQNAGgent(state_size2, action_size2)
agent3 = DQNAgent(state_size3, action_size3)
agent4 = DQNAGgent(state_size4, action_size4)

# uncomment to load a trained model at some iteration number

# iteration_number = 500000000

# load_model_dir = model_dir + "time=(2021-06-06_15;32;40) iterations=500000001/"

# agentl.load(load_model_dir + "agentl weights_" + '{:04d}".format(iteration_number) + ".hdf5")
# agent2.load(load_model_dir + "agent2_weights_" + '{:04d}".format(iteration_number) + ".hdf5")
# agent3.load(load_model_dir + "agent3_weights_" + '{:04d}".format(iteration_number) + ".hdf5")
# agent4.load(load_model_dir + "agent4_weights_" + '{:04d}".format(iteration_number) + ".hdf5")

train(n_episodes, save_model=True)

# uncomment and correct the time below to match the one in the name of the trained model and to do a
validation test

#validation_test(100000, load_model=True, model_dir=model_dir + 'time=(2021-06-
06_15;32;40) _iterations=500000001/', iteration_number=500000000)
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