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ABSTRACT

Machine learning is widely used in various applications because of its advantages, but
not everyone can apply it effectively as it requires the use of textual programming. To
overcome this, there are several approaches that help users perform machine learning
classification without writing code. However, for most machine learning models, it
is difficult to understand how they arrive at a particular result. This challenge has
triggered a lot of research on interpretable ML methods. However, these methods also
require the user to learn how to code and implement them. In this work we introduce
iVLAIR, a web application tool that eases machine learning classification for a wider
audience and makes data more understandable to the users by transforming the data
into visualizations, thereby improving the model interpretability. We also conduct an
evaluation with machine learning experts and non-experts to compare iVLAIR with

the python approach for performing machine learning classification.
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Chapter 1
Introduction

Machine learning is defined as the field of study, that gives computers the ability
to learn from data without being specifically programmed to do so [66]. Because of
its advantages, it is widely used in applications such as healthcare [19], finance [32],
retail [38] and much more which in turn attracts users from a variety of fields. How-
ever, to most effectively utilize, generate, and execute machine learning models and
algorithms, fundamental programming skills are necessary. Therefore, users without
programming backgrounds may find it difficult to use machine learning algorithms
and may have to depend on data scientists to use them effectively.

To overcome this challenge, there has been much research in no-code machine
learning approach to build ML models without writing code. It allows technical and
non-technical individuals to leverage ML techniques and create predictive models
using easy-to-use graphical interfaces. With no code ML, users can choose algorithms,
train models, and make predictions without the help of technical experts. This makes
ML accessible to a wider audience by leveraging the power of ML without the need
for extensive coding knowledge.

However, machine learning algorithms are non-intelligible and cannot explain why
they arrived at a result. This can lead to a lack of trust in the algorithm and make
it difficult to debug when it is not working correctly. Therefore, it is necessary
to understand why the model has made a particular prediction. Making machine
learning more accessible to non-programmers and more intelligible are both important
because it can help increase the adoption of machine learning and make it more
accessible to people who may not have a technical background. Additionally, it can
help increase the transparency of the algorithm and make it easier to debug when it

is not working correctly.



Models such as decision trees [26, 16] are called white-box models because they
do not require an additional model to provide explanations [48]. The results of these
models are easy to understand by experts in the application domain. On the other
hand, models such as SVM [22] and deep learning algorithms [44] act as black-box
models because they are very hard to explain and to be understood by experts in
practical domains. There are several model-specific and model-agnostic interpretabil-
ity methods to explain the black-box models [1]. These approaches also involve the
use of some popular visualization techniques to explain why the model has reached a
particular prediction by explaining the important features and how those features are
related to each other. This is because visualizations are a popular way of representing
data visually to help identify patterns in data that are not immediately apparent from
raw data. However, these approaches require programming knowledge to implement
them.

To address these issues, we propose the design and implementation of iVLAIR, a
web application tool that helps non-programmers perform machine learning classifi-
cation with an easy-to-use user interface. Our tool is designed on top of the VLAIR
[36, 37] approach of using visualizations and deep learning techniques to solve clas-
sification problems. Here, we transform the raw data into visualizations using an
in-built visualization tool and then use an integrated computer vision-based deep
learning algorithm. The iVLAIR interface is designed to perform the entire machine
learning workflow from data preparation to evaluation. It includes features such
as data preparation, feature engineering, data transformation, training, testing, and
evaluation. The inbuilt visualization tool is inspired by constructive visualization
approach [34] and the design is adopted from iVOLVER [51]. Our visualization tool
is designed to have two different canvases to separate the main visualization from its
background operations.

In this thesis, we present the following contributions:

1 The design of a prototype tool, iVLAIR, that facilitates machine learning clas-
sification for a broader audience based on the VLAIR (Visualization as inter-

mediate representation) approach.

2 New interaction techniques that help users create visual representations of data
and make the data more accessible to humans, thereby improving the inter-

pretability of machine learning models.

3 Empirical evaluation results that offer insights into how experts and non-experts



think about theiVLAIR tool compared to the Python approach for performing

machine learning classification.

The rest of the thesis is organized as follows: Chapter 2 provides background and
related research that motivated and guided the design of iVLAIR and establishes
a foundation for the design and development of iVLAIR. Chapter 3 describes the
overarching design goals and principles and how they were applied to the design
process. Chapters 4 and 5 describe how iVLAIR has been designed with features
that align with the design principles we propose. Chapter 6 describes a scenario
that shows how the overall system is used. Chapters 7 and 8 present the evaluation
methodology and its results. Chapter 8 includes a discussion on the approaches that
form the base of our system and design, as well as limitations of our design choices,
open questions, and the uniqueness of our tool compared with other approaches.
Finally, it discusses technical constraints and future work. Chapter 9 concludes the

dissertation by summarizing the findings and contributions.



Chapter 2
Background and related work

iVLAIR is a web application tool which is designed to help non-programmers to per-
form machine learning classification without the need of textual programming. This is
an alternative method to using traditional machine algorithms to solve classification
problems. It employs existing techniques in computer vision [74] and information visu-
alization [50, 15]. In the subsections below, we summarize the four areas of work that
are particularly relevant: traditional approaches to ML classification, Interpretability

in machine learning, VLAIR and Data visualization.

2.1 Traditional approaches to machine learning clas-

sification

Data classification [31] is the process of grouping data into different categories based
on their features. For instance, in the iris dataset !, there are three different species
(versicolor, virginica or setosa) of iris flowers and each iris flower has different mea-
surements such as sepal length, sepal width, petal length, and petal width. Data
classification is used to classify the flowers into different species based on their mea-
surements.

Supervised classification algorithms are used to solve classification problems by
categorizing one or multiple classes based on one or more features. The first step is
to use the training data to train the model. The training dataset has features and
a target variable, which is the label that we are going to predict using the machine

learning algorithm. During the training process, the machine learning algorithm

Thttps://www.kaggle.com/datasets/uciml/iris



learns to identify the relationship between the features and the labels and use that
knowledge to make predictions or decisions about new data, even if it has not seen it
before. For example, we assign a label to each iris flower as either versicolor, virginica
or setosa based on what species that flower belongs to. We can train the algorithm
using this labeled data. The algorithm learns the features that distinguish the classes
from each other and uses those features to categorize new data into one of the three
classes for any unseen data.

Various algorithms have been applied to classification tasks. Some of these algo-

rithms are:

1. Decision trees algorithm [26] is a method that uses a hierarchical tree structure
to make decisions based on features and outcomes. The tree has a root node (on
top), branches and leaf nodes. The root node and the interior nodes represent
features, the branches represent the decisions made on those features, and the
leaf nodes represent the final outcomes. The algorithm starts from the root node
and splits the dataset into subsets according to the best feature for that node.
This process is repeated recursively for each subset until no more splitting is
possible or all the data in a subset belong to the same class. Then, the subset
is assigned to a leaf node with the corresponding class label. To measure the
quality of the splitting, the algorithm uses criteria such as Gini impurity, entropy
and information gain. Pruning is a technique to reduce model complexity and
to prevent overfitting. Pruning can be done in two ways: Pre-pruning is used to
prevent further splitting, while post-pruning removes unnecessary nodes from

the learned tree.

2. Random forest classifier algorithm [12] is a collection of decision trees where
each tree is built on a random sampling of the original dataset. The new data
will be classified by each of the decision trees and a majority vote will be taken

and the new dataset will be classified based on that.

3. Support vector machines (SVM) [22] create a line or a hyperplane which sep-
arates the data into classes. The best hyperplane that maximizes the margin
between the two classes will be chosen. The margin is defined as the distance
between the hyperplane and the closest data points (support vectors) from each
class. The best line or hyperplane is the decision boundary and new data that
falls on one side of the class is classified as that group of the class whereas the

data is classified as other group if it falls on the other side.



4. K-Nearest Neighbour [17, 8] is mostly used to classify a data point based on
how its neighbours are classified. It is based on the assumption that similar
data points can be found near one another. This algorithm is used to compare
new data with labeled training data and find K most similar data (the nearest
neighbours) and look at their labels. For example, if K is 1, we use only the
closest neighbour to determine the category. If K is 10, we use the 10 closest
neighbours. In order to determine which data points are closest to a given query
point, the distance between the query point and the other data points will need
to be calculated. A popular method to calculate the distance is using Euclidean
distance method. The new data point is then assigned to the category that has

the majority of votes among the K nearest neighbours.

2.2 Computer Vision

Computer vision [74] is a field of study that aims to automatically extract, analyze
and understand meaningful information from visual data, such as images, videos and
other visual inputs. It tries to imitate human vision, but it requires a large amount
of data and iterative analysis to finds the differences and patterns in the images. For
example, to perform face recognition, a computer needs to receive a large amount of
images of faces and facial features to learn how to distinguish and identify different
faces.

Machine learning algorithms use mathematical models to analyze images without
coding every single rule, unlike the manual approaches to computer vision that re-
quire a lot of coding. Traditional machine learning techniques uses feature extraction
techniques such as SIFT (Scale-Invariant Feature Transform), SURF (Speeded-Up
Robust Features), BRIEF (Binary Robust Independent Elementary Features), etc.
to identify features such as corners, colorschemes, texture of image, etc. and use
those features as input to the algorithms such as SVM, Random Forest algorithms,
etc. for prediction [57, 28, 45].

Another method is using deep learning algorithms based on neural networks.
These algorithms work by automatically identifying features from a large number
of labeled images and then use that knowledge to classify new images. Deep learning
algorithms are widely used because of its ability to produce more accurate results
[81, 43]. A common architectures within computer vision pipelines is multilayered

Convolutional Neural Network (CNNs). CNNs are useful for image classification be-



cause they can recognize the same features in different locations of an image using a
shared-weight architecture that is based on their shift in-variance characteristics [73].

VGGI16 [72, 75, 76] is a convolutional neural network model that is useful for image
classification because it has a deep architecture with 16 layers that have weights. In
our prototype tool, iVLAIR, VGG16 is used as an example model which was trained
a few years ago on the ImageNet datasets [20]. This allows it to achieve high accuracy
even for smaller datasets. We used the VGG16 algorithm because it was available
at the initial time. However, there are more advanced algorithms available now that
could be used instead of VGG16.

2.3 Interpretability methods to explain ML Mod-

els

There is a growing concern in the fields of Artificial Intelligence, Machine Learning
and Deep Learning that much of how these technologies work is opaque to human
understanding. For instance, complex neural network models are used to analyze
medical images such as X-rays, CT scans, and MRIs to help doctors identify diseases
such as cancer with high accuracy [3]. In such cases, it is important that these
algorithms are explainable so that doctors can understand the reasoning behind the
diagnosis and make better decisions.

The interchangeable use of the terms interpretability and explainability in the
literature is one of the issues that hinders the establishment of mutual understand-
ing. Both interpretability and explainability refers to the understanding of a machine
learning model. Interpretability allows us to create a hypothesis that describes the
relationship between the input data and the output, while explainability is the under-
standing of how the system reached the conclusion of the algorithm. These concepts

are closely related but distinct. Below are the definitions:

o ‘“Interpretability is mostly associated with the intuition behind the outputs of
a model. The idea s that the more interpretable a machine learning system
18, the easier it is to identify cause-and-effect relationships within the system’s

inputs and outputs” [46].

o “Explainability , is associated with the internal logic and mechanics that are

imside a machine learning system. The more explainable a model, the deeper



the understanding that humans achieve in terms of the internal procedures that

take place while the model is training or making decisions” [46].

Most machine learning models act as black-box models because they are so com-
plex that humans do not understand how they make predictions [48]. They are
designed to take in data and produce an output without revealing how they arrived
at that output. Some people argue that it is necessary for algorithms to explain
their results to humans, especially in applications such as healthcare, defense, law
and order, etc., where explaining how an answer was obtained is as important as
obtaining the answer [30]. According to [83], this helps end-users understand the
model and its outcomes and also helps them predict what it might do in unforeseen
situations. This provides transparency and builds trust, encouraging users to use
the system. Machine learning experts take advantage of this approach to understand
how the trained model works, which helps them debug what the model has learned
and identify any bias or issues with the model. It also gives experts the ability to
audit a prediction or decision trail in detail and establish legal liability, particularly
if something goes wrong [9].

There are several techniques used in explainable AT (XAI) to explain how and why
an algorithm arrived at a particular solution. These techniques can be classified as
either model specific [1], meaning they are only applicable to a single type or class of
algorithm or model agnostic [1], meaning they can be applied to any type of machine

learning algorithm.

2.3.1 Model-specific methods

There are several model-agnostic explanation methods such as: Class Activation Map-
ping (CAM) [89], Gradient-weighted Class Activation Mapping (Grad-CAM) [70, 69]
and Guided Grad-CAM [69] are propagation-based methods that are mainly used for
CNN algorithms. These methods use visualizations to highlight the regions of the
input that are important for predictions. Backpropagation-based methods such as
DeepLIFT (Deep Learning Important FeaTures) [71] and Layer-wise Relevance Prop-
agation (LRP) [6] identify the parts of data that strongly influence the output by
comparing the input data with the reference data. Perturbation-based explainability
methods such as Occlusion [35] and RISE [61] work by modifying the input and ob-
serving the changes in output. These are used in DNN algorithms to help understand

which part of the input are important [35].



2.3.2 Model-agnostic methods

There are several model-agnostic explanation methods [5, 2, 1, 7] to open the black-
box machine learning models. LIME (Local Interpretable Model-Agnostic Explana-
tions) [64] is one popular technique which works by building a simple model (surrogate
model) to explain the main model. The surrogate model is trained on a small sub-
set of the original data that is close to the instance being explained. The model is
then used to generate explanations for the prediction of the original model. Another
important approach is SHAP (SHapley Additive exPlanations) [49] which works by
assigning each feature an importance value to show how and to what extent each
feature contributed to the final prediction result. This helps to understand the most
important features and to explain how the model made its decision. There are also
other methods like DLIME?, Eli5® and Anchor®.

In addition, there are also visualization methods/tools to understand the relation-
ship between the model outcome and the features that are used to make predictions
[86]. Partial dependence plots (PDPs) [25] help visualize the average effect the fea-
tures have on the prediction with an assumption that the feature(s) for which the
PDP is calculated is independent of other features in the data. For instance, if the
dataset has two features that are independent, like height and weight. Then, taking
averages for the partial dependence plot (for example weight to take PDP for specific
height) will include samples that are very uncommon or even impossible. To avoid
this problem, we can use other plots such as ICE or ALE [52]. Whereas Individual
conditional expectation curve (ICE) [29] help visualize the functional relationship
between the predicted response and the feature separately for each observation. Ac-
cumulated Local Effect (ALE) [4] plots on the other hand address the drawback of
PDPs, their assumption of independence among features, by computing the average
differences in predictions instead of averaging the predictions which in turn blocks the
effect of correlated features. However, implementing these techniques requires users

to have sound programming knowledge.

Zhttps://github.com /rehmanzafar /dlime.xperiments
3https://github.com/TeamHG-Memex/eli5
4https://github.com/marcotcr /anchor
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2.4 Visualization as Intermediate representation
(VLAIR)

Visualization as Intermediate Representation (VLAIR) [36], [37] is an alternate ap-
proach to applying machine learning (ML) and deep learning (DL) algorithms to
classification problems. It leverages existing computer vision and information visual-
ization techniques. In this approach, we first transform the raw input data into visual
representations that are then used to train a vision-based deep learning algorithm.

VLAIR was initially applied to the Human Activity Recognition (HAR) tasks.
HAR is the process of using sensor data to automatically recognize and categorize
human actions by interpreting human gestures or motion [59, 79]. To achieve high
classification performance, machine learning classifiers are widely used to detect and
classify human activities based on sensor input [10, 82]. However, there are lack of
ways to integrate the position and the timing of activation of binary sensors for classi-
fication algorithm which makes it difficult to classify human activities with necessary
level of detail. To address this problem, VLAIR approach was used by transform-
ing the binary sensor data into visualization by encoding both spatial and temporal
information in a more human understandable way. The created visualizations are
generated as images and are used as input for the CNN algorithm. The goal was to
create a small-sized architecture that could train fast and run on a device with limited
resources. The model only had to deal with simple images of primitive shapes like
lines, rectangles, and circles. Therefore, they designed a CNN model that consisted
of three 2D convolutional layers, each followed by a max pooling layer, a dense layer
with 512 neurons and a dropout layer, and a softmax classification layer. Also, a to-
tal of 5 different visualization mappings were created and were tested and compared
with different classifiers that were widely used to perform human activity recognition
and was found that the most effective VLAIR approach performed as good as or
better than the baseline algorithms. It was found that the VLAIR recognized the
least frequent activities which had the least training examples in dataset and it also
distinguished users on the same activities and sometimes also better distinguished
the activities that take place in the same location.

VLAIR'’s intermediate representation of data through visualization makes the data
more accessible to both machines and humans. Visualization helps humans better
understand the data rather than from raw input data. When these data are used to

train machine learning models, it offers insight into the workings of the ML model
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which in turn provides opportunities for model debugging. For example, if the model
is unable to differentiate between wandering in the living room and watching TV,
representing this data through visualization helps people understand why that activity
is not being recognized by the model.

Our system is designed on top of VLAIR to extend the benefits of VLAIR to a

large population and apply the technique to various datasets.

2.5 Data Visualization

Information Visualization [53] is a field of study that helps people comprehend data
better by representing it visually. It is based on the idea that humans are better
at processing visual information than other types of information. Data visualization
transforms abstract data into visuals such as length, position, shape, color and more
to present compelling stories of data to humans who are more visually oriented. Data
visualization is cited in this paper because it is an important technique in VLAIR
to help users understand the data better and make informed decisions based on the
visual representation of the data. However, it is not a direct solution to the problem
of supervised classification.

Data visualization has three parts: Data - which is the data that needs to be
visualized, marks - is a basic graphical element (like squares, circles, points, lines
etc.) in an image, and Mapping - which maps data to corresponding marks.

There are several ways to create visualizations. One of the ways is to use text-
based programming. The visualizations created using this approach will be more
expressive. APIs such as OpenGL, Java libraries such as Flare® and Prefuse [33],
JavaScript library such as D3.js [11] and web-based tools such as Vega® and Reac-
tive Vega[68] fall under this category. However, it does require some programming
knowledge. Not everyone is comfortable with coding because it is a skill that takes
significant time to learn. On the other hand, tools such as Tableau’, Excel®, Mi-
crosoft Power BI?, Lyra[67], Google Sheets!®) iVisDesigner[63], Data Illustrator[47],
Voyager[85], VizDeck[40], iVOLVER|51] etc are GUI-based tools which provide more

Shttp://flare.prefuse.org
Shttps://vega.github.io/vega/
Thttps://www.tableau.com.
8https://products.office.com/en-us/excel.
9https://powerbi. microsoft.com
Ohttps:// www.google.com /sheets/about/
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user-friendly access without having to write code. In addition, tools such as Voyager,
VizDeck, iVOLVER etc also supports small multiples [78].

2.6 iVOLVER

iVoLVER [51] is a web-based tool based on the constructive visualization approach [34]
that allows users to create interactive visualizations without requiring textual coding
skills. It enables users to capture data from multiple source types such as bitmap
charts, web pages, photographs, SVGs, and CSV files and use them to generate
visualizations. The tool uses the concept of Mark which are geometric shapes and
can be customized with different attributes such as color and shape. iVOLVER offers
easy-to-use interactions and gestures like drag-and-drop within a zoomable canvas
where visual representations of the data and elements of the visual language are
linked.

The iVOLVER tool has two mechanisms to transform data before they are turned
into visuals, without the need for textual programming: functions and mappers.
These define a relationship between a set of inputs and a set of outputs where each
input is mapped exactly to one output value. Mappers help define the relationships
between values of varying types (such as numbers, colors, and dates). For example,
mappers can be used to apply a color gradient to differentiate countries with dense
and least population. The idea of univariate functions of real numbers is the basis
for functions. Functions are similar to mappers but it only works with numbers.
iVOLVER also provides options to perform basic arithmetic operations on values.
These operators include addition, subtraction, multiplication and division.

iVOLVER supports small multiples. With iVOLVER, users will be able to create
visualizations for individual rows of data instead of generating a large single visual-
ization for all the rows of data. With small multiples, users can compare the separate
images, look for patterns, trends, and outliers [78]. The design of our visualization
tool is based on iVoLVER.



13

Chapter 3

Design Goals, Principles and
Methodology

We designed iVLAIR with the overall goal of helping non-programmers to perform

machine learning classification. More specifically, we aim at the following subgoals:

G1 To make ML classification tasks more interpretable (see definition of inter-

pretability in section 2.3).

G2 To help users to perform data classification interactively without (learning)

coding.

G3 To facilitate sense-making of ML results and the iterative improvement of mod-

els.

Visualizations are a popular way of representing data visually to help users under-
stand the patterns in data that are not immediately apparent from raw data. Because
of this advantage, there are several popular visualization techniques that are used to
show how the model has made a prediction by explaining the important features and
how those features are related to each other (see section 2.3).

Inspired by the research field of visualization, the input data is transformed into
visual representations that are then used as input to the Convolutional Neural Net-
work (CNN) algorithm to perform data classification. This approach is called the
Visualization as Intermediate Representation (VLAIR). This was initially applied to
the Human Activity Recognition (HAR) tasks but are capable of applying to other

classification tasks. VLAIR doesn’t achieve the goals stated above because this is
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a technique that still needs to be programmed. Therefore, it should be useful to
create an interface that makes VLAIR accessible to non-programmers, trying to still
make it possible for those to understand what is going on in the classification. This
constitutes the base of our system.

Most machine learning algorithms act as black-boxes, meaning that how the algo-
rithm makes decisions is largely unintelligible to humans. Understanding the model
and its outcomes helps human predict what it might do in unforeseen situations. This
provides transparency and builds trust, encouraging users to use the system [83, 80].
This has made interpretability in ML an important area of research (G1).

Iterative improvement of the model is important in machine learning because it
helps to gradually improve the accuracy of the model and reduce the margin of error.
Sensemaking [14] is the process of constructing meaning from raw data. Sensemaking
of machine learning results will help in analyzing and understanding how and why the
model has arrived at a particular result. This will help identify patterns and trends
that can be used to improve the model (G3).

Coding is a skill that requires a significant investment of time. Some people may
not have the necessary background orthe required time to learn it. However, they
may still need to carry out these tasks and, perhaps more importantly, need some
understanding of how the machine performs classification. To help non-programmers,
we built a user interface with a simple drag-and-drop platform that allows users to
create visualizations (using familiar elements based on the constructive visualization
approach [34]), build machine learning models and to generate prediction results
without manual coding (G2).

In order to effectively design the iVLAIR interface, we need some design principles,

which support the design of the interface based on the goals that we aim for.

DP1 Support operation without coding: To make machine learning accessible to a
wide variety of users, we aim to avoid the need to write textual programming

whenever possible with the help of a simple interface (G2).

DP2 Leverage visuals as much as possible Visuals can help communicate information
more effectively. They can also aid in better understanding of the information
(all Gs). To leverage the VLAIR approach the design should use visuals and

visualizations as much as possible.

DP3 FEnable continuous improvement: Continuous improvement is important in ma-

chine learning because it allows for the creation of more accurate models that
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can be used to make better predictions and decisions. The system design should

allow users to understand the results and improve the models (G1 + G3).

Allow participants to query iteratively: Sometimes users may find it difficult to
understand the results or find what they are looking for. Iterative queries allow
users to refine their search and get more specific results to analyze. Users should
then be able to test the results repeatedly until they get a deeper understanding
(G1 + G3).

Avoid unnecessary complexity: Our design should focus on building a UI which
is simple and clean. This can be done by including only the elements that are

absolutely necessary and to remove all the unnecessary elements (G2).

Awvoid menus and hidden operations: Non-transparent computation and hidden
menus may limit the use of tools. Our tool should help users access all the
information they need without having to navigate through complex menus or
hidden operations (G2).

Avoid reliance on visual memory: Recalling visual information increases cog-
nitive load [62]. To avoid requiring users to remember information from one
part of the interface to another, our system design should helps users navigate
through the interface without having to rely on visual memory and should try
to present blocks of information that are likely to be used simultaneously in the

same screen (G2).

Design Methodology

We performed the following design and implementation activities concurrently and

in an iterative manner. First, we sketched the overall design of the tool, taking into

account the workflow of the machine learning algorithms and the design principles

outlined above. Then we decided on the user interface and what elements would be

used to create it, and how these elements would contribute to the overall interaction

of the tool. After that, we began implementation. Then, we demonstrated our work

and discussed it with the research team each week to validate the design. Initially, we

planned to integrate iVOLVER [51] for visualization construction and OpenRefine!

Thttp://www.openrefine.org



16

for data cleaning and transformation processes. However, the design of these tools do
not fully suit our needs and needed too much customization. For example, iVOLVER
is designed with a touch and pen-friendly interface, so the objects in the canvas are
sized slightly larger than a fingertip to enable touch manipulation; however, we did
not want a touch or a pen-friendly interface and we wanted more space in the canvas
to create visualizations, with smaller objects. iVOLVER has a single interface to
handle both the main visualization creation and the background operations; however,
our design was to separate both these operations for clarity. Finally, the iVOLVER
tool has a component to extract data from multiple data sources but our requirement
was to accept the input data in .xslv or .csv formats and to transform them into
visualization. Similarly, we encountered challenges when integrating OpenRefine with
our web application tool because our front-end technology differed from that used in
OpenRefine. We also wanted to build a simple data cleaning tool that could support
basic functions such as addressing missing values and highlighting data type mismatch
errors. We ultimately created our own visualization tool and data cleaning tool from

scratch, although inspired in those existing tools.
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Chapter 4

iVLAIR

This chapter describes the current version of the iVLAIR interface, which is the main
contribution of this thesis. The chapter first describes the overall designed flow and
then describes each of the screens in detail. The screens correspond roughly to the
tasks and activities of the flow. References to the design principles (e.g., DP1) indicate
the design motivation.

The iVLAIR tool has a total of six screens, each of which focuses on a particular
subtask of the process of building an ML-based classification model. Figure 4.1 shows

an overview of the overall flow of the tool.

1. Users first log in to the application and upload the input file.

2. They can then clean the data set using the transform data screen before moving
to the visualization screen or they can directly navigate to the visualization

screen if the data cleaning is not required.

3. In the visualization screen, users create a visual mapping, and then the system

uses this mapping to convert the raw data into visualizations.

4. In the ML screen, an image classification algorithm is used for data classification

using the generated images, and the results are displayed.

5. If users are satisfied with the results, they can make use of the validate button

on the ML screen to perform validation.

6. If the results are not satisfactory, users can use the compare results screen to

view and compare images that gave correct and incorrect results. This can help
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them get a deeper understanding of why and where the algorithm has made
correct and incorrect predictions. Based on this understanding, users can go
back to step 3 to modify or create a new visualization and then execute the

next steps. Users can repeat this process until they get the desired result.

DP5 and DP6 design principles are used to construct all screens.

4.1 Screen 1: Login and File Upload

To provide personalized and persistent access for the application to individuals and
to prevent unauthorized access to data by others, every user has to first log in to the
application.

The iVLAIR login screen has two text boxes ‘username’ and ‘password’ (marked
A and B) in the middle and an action button ‘Login’ (marked C) at the bottom. To
log in to the application, iVLAIR users have to enter their username and password

and click on the ‘Login’ button.

VLAIR

Hame

@ sanchitha

Figure 4.2: Login screen
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Users can make use of this file upload screen (see Figure 4.3) to upload data in a
format that the system can process. This screen has commands selection bar at the
top, a data table in the middle, and action commands at the bottom to move forward
in the process.

In this chapter, we will use the term training, testing and validation datasets.
Traditionally validation data is used to test dataset is used to evaluate the final
performance of the model. However, the terminology test and the validate datasets
are sometimes interchanged. Sometimes, the terms testing and validation are used
interchangeably, as in the book Applied Predictive Modeling [42]: “Ideally, the model
should be evaluated on samples that were not used to build or fine-tune the model, so
that they provide an unbiased sense of model effectiveness. When a large amount of
data is at hand, a set of samples can be set aside to evaluate the final model. The
“training” data set is the general term for the samples used to create the model, while
the “test” or ‘“validation” data set is used to qualify performance”. We have also
followed this convention and used testing and validation as synonyms. Below are the
roles of these datasets in our tool. [84, 65, 77].

e Training Dataset: This dataset is used to train the model.

e Testing Dataset: This dataset is used to evaluate the model fit on the train

dataset without any bias while adjusting the parameters of a classifier.

e Validation Dataset: This dataset is used to evaluate the model’s performance
on new data that it has not seen before and provides an unbiased estimate
of how well the model will perform when deployed for actual predictions in
real-world situations. The reason is if you optimize your algorithm for a given
training-testing set, you will never know if the algorithm is good generally, or
just good for that particular combination of training-testing data. If the results
for the validation set are dramatically lower is because one has overfitted to the

training data, and the validation step provides that extra protection.

Data allocated for validation is recommend to be used only once at the end for
the final evaluation of the model eventhough it is still possible to use it multiple

times.

To upload a file, users can click on the ‘Choose file’ button (marked A) and upload
the input file in .xlsx and .csv formats. Users can then allocate a certain percentage

of data for validation (marked B), and the rest of the data will be displayed in a
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table (marked E). Users can choose to see either the first 10, last 10, random 10 or
all available rows of data in the table (marked E) by choosing the options from the
‘Available rows’ dropdown (marked C). To help the tool understand the column it has
to predict using the machine learning model, users can make use of the ‘Select label’
dropdown (marked D) to select the label that has to be predicted from the list of all
the column names. Finally, users can move on to the next screen by either clicking
on the ‘Transform data’ button (marked F) if they are likely to deal with missing or
null values or they can click on the ‘Visualize’ button (marked G) to create visual

mapping and to use that mapping to re-represent the input data into visualizations.

@ Choose File e #Xe31
Validation: A, © Available rows: | First 10 rows v Select Label: | Attack_chances v ®

Age Sex Chest_pain Resting_BP Cholesterol Max_Heart_Rate Oldpeak Caa Thalassemia Attack_chances

integer v integer v integer v integer v integer v integer v float integer v integer v integer v

3 145 233 150 23 1

2 130 250 187 35 2
130 204 172 14 2
120 236 178 08 2

2

o 140 192 148 04
140 294 153 3
120 263 173 0

1
a
a
1
o o 120 354 163 06
1
o
1
1 2 172 199 162 05
1

o o o 0o o o o o a o

MWW w =

2 150 168 174

57
@ Transform Data @®

Figure 4.3: File upload screen

4.2 Screen 3: Transform Data

The main purpose of this screen is to identify and address any missing or null values
in the data. It also helps users identify any datatype mismatches that may exist.
Additionally, it allows users to create a new column. This screen has selection bars
at the top for commands, a data table in the middle, and action commands at the
bottom for performing some actions or moving back to the previous screen.

Upon entering this screen, the uploaded input data is evaluated and displayed in
table (marked D). The table also highlights the columns with null values and datatype
mismatches. Users can choose to see the first 10, random 10, last 10 or all available
rows in the table marked D from the ‘Available rows’ dropdown (marked A). The

screen has two sections marked B and C which allow users to address null values and
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create new columns respectively (discussed in the subsections below). Finally, there
are two buttons at the bottom of the screen. The ‘Cancel’ button (marked G) allows
users to close this screen and navigate back to the previous screen (see File Upload
screen discussed in section 4.1). Finally, users can click on the ‘Re-evaluate’ button
(marked H) to re-evaluate the entire dataset and highlight any missing errors. This
feature helps ensure that the dataset is as precise and comprehensive as possible,

which is crucial for making informed decisions based on the data.

@ Available rows:
Actions for null values: Create Computed Column:
Formula:l:l
Fields: Column Name‘\:l @
Age sex Chest_pain Resting BP  Cholesterol ~ Max_Heart Rate| Oldpeak Caa Thalassemia  Attack_chances | Age modified
integer v integer v integer v integer v integer v integer v float v integer v integer v integer v float v
63 1 3 145 233 150 23 a 1 1 6.3
37 0 2 130 250 187 35 0 2 1 37
41 a 1 130 204 172 1.4 a 2 1 41
® 56 1 1 120 236 178 0.8 a 2 1 56
57 0 0 120 354 163 0.6 0 2 1 57
57 1 0 140 192 148 04 0 1 1 57
56 a 1 140 294 153 1.3 a 2 1 56
44 1 1 120 263 173 a a 3 1 a4
52 1 2 172 199 162 05 0 3 1 52
57 1 2 150 168 174 1.6 a 2 1 57
oEm e ® ®

Figure 4.4: Transform data screen

4.2.1 Identify Data Type

The data type of each column in the input dataset is determined by assigning the
data type that has the most values and displaying it in the table header (marked A
in Figure 4.5). Then, data whose data type is different from the identified one are
highlighted (marked B in the same Figure), and users can manually correct those

eIrors.
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Age Sex Chest_pain Resting BP| Cholesterol Max_Heart Rate Oldpeak Caa Thalassemia  Attack chances
integer integer w integer integer v integer v integer float w integer v integer v integer v
63 1 3 145 233 150 23 0 1

37 Q 2 130 255 187 3.5 0 2

41 a 1 130 204 172 1.4 0 2

56 1 120 236 178 0.8 0 2

57 Q 0 120 354 163 0.6 0 2

57 1 0 140 192 148 04 0 1

56 0 140 294 153 1.3 0 2

L 1 120 263 173 0 0 3

52 1 2 172 199 162 0.5 0 3

57 1 2 150 168 174 0 2

Figure 4.5: Tool highlighting the column with datatype mismatch

4.2.2 Actions for null values

When null values are detected in the data, they will be highlighted automatically
(marked E) as shown in Figure 4.4. From the section ‘Actions for null values’ (see
Figure 4.6), users can select the highlighted column name from the ‘Fields’ dropdown
(marked A). The null values can then be removed either by deleting the entire row
or replacing them with a mean or median value. Replacing missing values with
mean, median and mode values are some of the most common methods used in
data preprocessing for small dimensional datasets because of their simplicity [23,
39]. These actions can be chosen from the dropdown (marked B) and click on the

‘Remove/Replace’ button (marked C) to apply the selected action.

Actions for null values:

Fields: | Remove/Replace ()]

Remave entire row
@ Replace with Mean
Replace with Median

Figure 4.6: Different actions for null values

4.2.3 Create new column

In some cases, features of the data need to be derived from existing data because
they do not exist but are easy to compute. For example, in a dataset with prices and

area of apartments, it might be useful to have a column (feature) with the price per
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square meter.

Such columns can be created by combining two existing features or a feature with
a constant using basic arithmetic operations (addition, subtraction, multiplication,
division) and their combinations, enter the name of the new column and the formula
in the text boxes marked A and B respectively and click on the ‘Compute’ button

marked C in Figure 4.7.

Create Computed Column:

Column Nan‘lE:l.'-‘-.ge_ﬂmciﬁed Formula:fage/ 1d | @

Figure 4.7: Create new column

4.3 Screen 4: Construct Visualization

The VLAIR approach is based on the creation of visualizations as intermediate repre-

sentations. The interface on this screen enables users to define mappings that would

create those visualizations. You can find the concepts of mappings in section 2.5.
This section first describes the main components of the tool and then the elements

that make up its visual language.

4.3.1 Overall tool Interaction

In Figure 4.8, iVLAIR’s visualization tool has two canvases: main canvas and bottom
canvas (C and E). In both these canvases objects can be dropped and can be relocated
by dragging (DP1). The visualizations are created on the main canvas and the data
manipulations are performed on the bottom canvas. The main canvas has a tool bar
on the top (marked B). The uploaded input data is displayed in the form of a table
on the left panel (marked A) to help users easily refer to the input dataset instead
of having to move back to the previous page (DP7). Each row of data in the table
has a radio button to its left and users can modify the selection. The middle panel

(marked D) shows the list of input column names with values. The values to these



25

columns are based on the selection on the left panel. Finally, the right panel (marked

G) displays the visualizations created for all rows of data.

- Chest _pain | Resting_BP | Cholesterol | Max Heart Rate | Oldpeak @

® # ® FHH
4 x| &
m @ (') e |
T B

Values

Figure 4.8: visualization tool

4.3.2 Values and Data Types

The iVLAIR visualization tool supports values with two different data types: numbers
and colors (marked C in Figure 4.9). Users can drag and drop these values into the
bottom canvas (marked F) (DP1). Values are represented as rectangles with a symbol
inside, and the symbols identify the type of the value. Both numeric and color values
accept manual input (marked A and B).

Users can click on the numeric value (with a single click) to open a text box
(marked C) where they can enter a number input. Numeric values have circular
output ports on their right, and users can assign the value to another object by
creating a connection from the output port.

Users can click on the colors value (with a single click) to open a color palette,
where they can choose the desired color as shown in the same figure (marked D).

This tool also accepts input column values (which users can drag from the middle
panel, marked H) and drop them into the canvas (marked E). Similar to numeric
values, this also has an output circular port on its right, and users can assign this

value to another object by creating a connection from the output port.
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Figure 4.9: Values and Data Types

4.3.3 Marks

Marks are the graphical elements in the visualization. The use of visual marks to
create visualization is inspired by iVOLVER [51].

iVLAIR has five types of visual marks: rectangles, squares, circles, lines and
ellipses (marked D in Figure 4.10). Users can create the marks by dragging and
dropping from the top panel (marked C) onto the main canvas. Users can click on the
marks (with a single click) to view their visual properties on the right panel inside the
main canvas (marked E). The visual properties include position, coordinates, color,
rotation and some or a combination of geometrical dimensions such as length, width,
height, side, radius and area. Users can adjust the visual properties of the marks
by assigning a manual input (marked F) or by assigning the input column values
(highlighted in purple color as shown in Figure marked G) through a simple drag and
drop from the middle panel (DP1) (marked H).

If the user wants to delete a particular mark, they can first select the mark that
has to be removed and they can click on the 'Delete’ button (marked A). On the
other hand, they can use the ’Clear All’ button (marked B) to clear all the objects

added to the main panel.
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Figure 4.10: Marks

4.3.4 Operators

Imagine that if a dataset has two columns (features) that show the number of hours
worked and the hourly wage of employees, users can derive data for a new column
with the total wage earned by each employee by performing arithmetic operations
on the existing column values. These operations take place per-row of data and is
inspired by iVOLVER [51].

The visualization tool has four basic arithmetic operators: addition, subtraction,
multiplication and division (marked G in Figure 4.11). All these operators are repre-
sented as rectangles with the operator’s symbol inside them. These operators accept
two incoming connections (represented by circular ports on the left with arrows in-
side) marked C and D and one outgoing connection (represented by a circular port
on the right with arrow inside) marked E. Operators accept numeric inputs that are
passed either as a constant or an input column value or a combination of both. Inputs
(marked A and B) are passed to the operators by enabling a connection from output
port of the input values to the input ports of the operators. Input values carried by
the incoming connections are combined through arithmetic operations and the corre-
sponding numeric output is generated (marked F). The output can be dragged and
dropped to the middle panel (marked H) and can be passed as input to the visual
properties of different marks (Section 4.3.3) or can be passed as an input to another

operator or to a mapper widget (Section 4.3.5).
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Figure 4.11: Operators

4.3.5 Mapper

The mapper widget helps to transform numeric data into colors in a more visual way
without the need for programming (DP1). The use of this mapper widget is inspired
by iVOLVER [51].

The mapper widget is created by dragging the mapper icon (marked I) into the
bottom panel (marked K) as shown in Figure 4.12. The mapper widget has two ver-
tical rectangles: the left rectangle (marked E) holds a collection of numeric inputs
(marked A), and the right rectangle (marked F) holds a collection of color outputs
(marked B). Each numeric input is added to the left rectangle and is aligned hori-
zontally with a color output on the right rectangle by simple drag and drop. This
alignment determines the relationship between the input and output elements. Also,
there are two circular ports: input and output ports. The input port (marked C)
is on the left of the left rectangle and it accepts numeric values from input columns
(marked G). The input values are assigned to the input port of the mapper widget
by enabling a connection from output port of the input values. Similarly, the output
port (marked D) is to the right of the right rectangle and it outputs a color value that
corresponds to the horizontal alignment of the specific numeric input. For example,
in the mapper widget shown in Figure 4.12, the value 0 is horizontally aligned with
the color blue and 1 is horizontally aligned with the color pink. Now, when 1 is passed
as input to the mapper widget, it outputs pink color. For values in-between 0 and
1, the mapper creates linear interpolations. The output from the mapper widget can
be dragged from its output port and dropped into the middle panel (marked I). This

makes the mapper output available to be used as input for the visual properties of
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marks Section 4.3.3.
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Figure 4.12: Mapper

4.3.6 Coordinate axes

In Figure 4.14, the main canvas has a default coordinate axis marked F that controls
the x and y position of all visual marks added to the main canvas. The coordinates
icon (marked C) allows users to add another coordinate axis (marked I). Users can
change the coordinates property of the selected visual mark to point to the second
coordinate axis (as shown in the figure marked J). The x and y position of the visual
mark is now controlled by the second coordinate axis.

Multiple coordinate axes are used when user wants the position of a mark to be
associated with the position of another mark. For example, you can create a square by
dragging and dropping the square icon onto the main panel. Then assign some value
to the x and y position of that square and make the position of the square controlled
by the default coordinate axis. Next, create another coordinate axis and assign the
same x and y position value to this coordinate axis. Finally, create another square
and make the x and y position of this square controlled by the second coordinate axis.
This makes the position of the second square associated with the position of the first

square.

4.3.7 View port

Viewport helps users to choose the whole or part of the visual mapping they want to
use to transform the input data into visualization.
Users can draw a rectangular region on the main canvas around the created visual

mapping (marked G) by clicking on the view port icon (marked B in Figure 4.14).
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The selected region represents the part of the created visual mapping that can be
used to transform all the rows of data into visualization and then to convert them
into images. The mapping outside the selected region will be cropped.

This feature is useful in iVLAIR when the user wants only the portion of the

created visualization to be converted into images.

4.3.8 Modes

The view mode dropdown (marked D in Figure 4.14) allows users to view the created
visualization in two different modes. Single mode allows users to view only the visual-
ization created for a single row of data (as shown in Figure 4.14). Whereas, collective
mode allows users to view the visualizations created for all the rows of data (marked
B in Figure 4.13). This feature is useful when the user wants to see the visualizations

created for all the rows of data in a single place and to detect any data outliers.
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Figure 4.13: Collective mode

4.3.9 Apply to all rows

As shown in the Figure 4.14, clicking on the ‘Apply all’ button (marked E) uses the
visual mapping inside the rectangular region (marked G) to convert all the rows of
data into visualizations. The created visualizations are then converted into images
and are displayed on the right panel (marked K). After the visualizations are cre-
ated, users can click on the 'Next’ button (marked F) to navigate to the next screen
(Section 4.4) and clicking on the "Previous’ button (marked A) will take user to the

previous screen (Section 4.1).
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Figure 4.14: Top panel

4.4 Screen 5: Machine Learning: Train and Test

The main purpose of this screen is to use the images generated in the previous screen
to train and test the CNN algorithm. Additionally, if the users are satisfied with the
results, they can use the created visual mapping to transform the validation dataset
into visualization, which are then used to perform validation on the final model.
This screen has text boxes at the top, data tables in the middle, and action

commands at the bottom to move forward in the process.

4.4.1 UI Interaction

In this screen (see Figure 4.16), the images generated in the previous screen (see
Section 2.5) are randomly divided into training and testing datasets based on the input
in text boxes (marked A) and are displayed on the table (DP1, DP2 and DP7), marked
E. The images allocated for training are represented with solid borders while the
images allocated for testing are represented with dotted lines which can be understood
with the help of the labels (marked B). The zoom option (marked C) allows users
to view multiple images at once. The label (marked D) displays the values of the
column to be predicted. Clicking on the value will load the corresponding images to
the table on the right (marked E). The Train, Test, and Validate buttons (marked F
and G) allows users to train and test the ML model and then to perform validation.

The results of prediction are shown in the Figure marked I and the confusion matrix
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on the right (marked J). Finally, users can navigate to the next screen by clicking on
the button at the bottom of the screen (marked K).

4.4.2 Train & Test

During the training process in machine learning, the algorithm learns from the labeled
data. During the testing process, the algorithm uses that knowledge to classify new
data. Simply click on the ‘Train’ button followed by the ‘Test’ button (marked F in
Figure 4.16) to use the images allocated for training and testing to train and test the
integrated VGG16 algorithm (DP1, DP2). After the training is completed, users can
view the log by clicking on the ‘view log’ hyperlink (marked H). The generated log is
shown in Figure 4.15. After the testing is completed, users can view the prediction
results (marked I) along with the confusion matrix (marked J). Users should go back to
the previous screen to modify or create a new visualization. Then, they should re-train

and re-test the model with the new images to improve the prediction result.(DP3).

Results

Epoch Loss Categorical Accuracy
1 0.64718622732162476 0.61236324578208923
2 0.3957230925359993 0.7013706896781921
3 0.3B7OR0QZ2G6036B34T 0.6B3BG63BS25009155
4 0.3827963332203369 0. 706B063020706177
3 0.3859995931652327 0.7013706896781921
6 0.37324B86003990173 0.71204791 446530432
7 0.365365B82450B567 0. 7277467230824
B 0.5774223804473877 0.71204791 44630432
a 0.3717018242697144 0.706B063020706177
10 0.376121389865B752 0.7068063020706177
1 0.35923420190B81116 0.7 7277467230824
12 0.3593495700835182 0.7068063020706177
13 0.360248672962 1887 0.71204791 44630432
14 0.3636743307113647 0.7434554606083069
15 0.3509885549354 5283 0.7223130796432495
16 0.3603240454210351 0.6963330772857666
17 0.3462248921304343 0.73821991 68205261
18 0.53482637236186218 0.71204791 44630432

Figure 4.15: Training logs
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4.4.3 Validate

After the users are satisfied with the test results, they can use the validation dataset
(see section 4.1) allocated in File Upload screen (marked B in Figure 4.3) to evaluate
model’s performance for unseen data. To perform validation, users can click on the
‘Validate’ button (marked H) to validate the model with the allocated validation
dataset . Once the validation is completed, the final prediction results (marked I)
and the confusion matrix (marked J) are updated with the validation results. Please
note that the data allocated for validation is recommend to be used only once at
the end for the final evaluation of the model eventhough it is still possible to use it

multiple times.

4.4.4 Metrics

Our main evaluation metrics are:

Accuracy: The proportion of correctly classified samples.
Accuracy = (TP + TN)/(TP + TN+ FP + FN)

Precision: ”Precision evaluates the fraction of correct classified instances among
the ones classified as positive” [24]. We use the macro precision which is the average

of precision scores for each class.
Precision = TP /(TP + FP)

Recall: Recall shows the proportion of true positives that the model correctly
predicts out of all the possible positive cases. We use the macro recall which is the

arithmetic mean of recalls.
Recall = TP/(TP + FN)

Fl-scores: "F1-score is the harmonic mean of precision and recall” [90]. We
used the macro fl-score which is the average of Fl-scores from all activity classes
values [56].

F1 score = (2 * Precision * Recall)/(Precision + Recall)
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Figure 4.16: Machine Learning Screen

4.5 Screen 6: Compare Results

Users can use this screen to load and compare images until they get a better under-
standing of where the algorithm succeeded and where it failed (DP4). Based on this
understanding, users can also go back to previous screens to either modify visualiza-
tions or retrain models to improve prediction results (DP3).

This screen has four panels (C, D, E and F) as shown in Figure 4.17. There are
two confusion matrices on the right: the train and the test (DP2) (marked G and
H respectively). The test confusion matrix is taken from the previous screen (see
Figure 4.16.J). Clicking on a panel will highlight that panel (marked E) and enabling
the checkbox on the confusion matrix will load all the images corresponding to the
selection (DP2). Enabling the checkbox on the train confusion matrix will load all
the images that were used to train the machine learning model whereas enabling a
checkbox on the test confusion matrix will load all the images that gave true positive,
false positive, false negative, and true negative results. Image with solid border
represents the train dataset and dotted line represents the test dataset. Also, the
images that gave correct results are surrounded by blue lines whereas the images that
gave in-correct results are surrounded by red lines. This can be understood with the
help of the labels (marked A).
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Chapter 5
Example Scenario

In this chapter we present a hypothetical scenario to illustrate how the overall system
is used to complete the generation of a classification model starting with the data.
Alice is a project manager at a large retail company. Her company has recently
started using machine learning to classify the employees in terms of their needs, so that
the company could provide better support adapted to their own characteristics (but
still in groups, so that it does not become extremely expensive to provide support
one-by-one). Alice is responsible for classifying the data of 450 employees in her
department. However, she is not familiar with machine learning and does not have
the time to learn it. Therefore, she decides to use a no-code machine learning tool to
perform data classification. Additionally, she needs to know how the model arrived at
the prediction result as she has to present it to the project directors. After researching
many tools, Alice finds that iVLAIR would help her with her needs and learns how

to use it.

5.1 Screen 1: Login and File upload screen

Alice uses the login screen (see Figure 4.2) from the previous chapter to enter her
username and password and clicks on the login button to access the application. She
then uses the file upload screen (see Figure 4.3) and clicks on the file upload button and
uploads the employee dataset. After that, she enters ‘10’ in the validation percentage
text box to allocate 10% of data for validation. She then selects ‘performance’ which

is the column name that has to be predicted from the select labels dropdown.
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5.2 Screen 2: Transform data screen

Alice is sure that she needs to clean her data first so she clicks on the ‘Transform
Data’ button to move to the transform data page (see Figure 4.4). On that page, she
first identifies that her input data has some null values and decides to replace them
with the mean value. The employee dataset does not have a column that shows the
years of experience of each employee; it only has a column that holds the joining date
of the employees. Alice wants to calculate the years of experience of the employees,
so she uses the ‘create new column’ section to create a new column named ‘Years
of Experience’ by subtracting the values of the column 'Date of Joining’ from the

current date.

5.3 Screen 3: Visualization screen

Alice has her data ready. So she then uses the visualization screen (see Figure 4.8) to
create a visual mapping to transform her data into a visualization. She thinks that the
Number of tasks performed, Years of Experience, and Sex are important features and
decides to use those features to create a visualization and perform machine learning

1. To create the visualization, she first drags

classification only with those features
and drops the square icon onto the main panel. She then drags the column Years
of Experience from the middle panel and assigns that value to the size parameter of
the square. She then uses the bottom panel to create a mapper widget to transform
values of the column Sex (0-male and 1-female) to blue and red colors respectively.
She then drags the mapper output from the middle panel and assigns them to the
color parameter of the square. Alice then drags and drops a circle into the main panel
and drags and drops the column value ‘Number of tasks performed’ from the middle

panel and assigns them to the radius of the circle.

By doing this, Alice could introduce some bias in the system
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Figure 5.1: Genrated visualization

Next, she wants to verify if there are any data outliers and so she uses the view
mode option and modifies the selection from ‘single’ to ‘collective’ to quickly view the
visualizations created for all the rows of data and to see if there any data outliers 2.
Then she uses the view port to draw a rectangle outside the created visual mapping
that she wants to use to transform her data into visualization and then she clicks
on the apply all button to apply the created visualization into all the rows of data
and then convert them into images. Alice makes use of the right panel to view
the visualizations created for all the rows of data and is satisfied with the created

visualization.

5.4 Screen 4: Machine learning screen

Next, she navigates to the machine learning screen (see Figure 4.16) and splits the
generated images for training and testing datasets in a 70-30 ratio. She used this ratio
because she found from [54] that 70-30 split is ideal for small datasets. She then uses
those images to first train the model and then tests it. After testing is completed,
Alice views the results. She is not happy with the results because there are more false

positives. She wants to understand why and how the algorithm made that prediction

2This system can detect outliers, but it does not offer a way to correct them.
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so that she can improve the results.

5.5 Screen 5: Compare results screen

In the compare results screen (see Figure 4.17), Alice added the images that gave
different prediction results to the panels and carefully compared them. She identified
that the algorithm fails in places where the range of values for a certain feature is so
small that it does not result in sufficiently different looking images. She suspected
that this might make it difficult for the algorithm to see differences. So she decided to
go back to the visualization screen and modify the created visualization to add more
space between square and circle so they do not overlap. After modifying the visual
mapping and retraining and retesting the model, Alice achieved 80% accuracy. She
was happy with the results and decided to use the model to classify new data. She ran
validation with the allocated validation dataset to see how the model works for unseen
data. The validation and the testing results were almost the same, and she understood
that the model was not overfitting and is performing well. Overfitting occurs when
the model performs perfectly on training set (observed data) and performs poorly
on testing set (unseen data) [87]. Therefore, Alice decided to use iVLAIR in future
because she can perform classification tasks more accurately without having to learn

machine learning, and she can also explain why and how she gets the result.
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Chapter 6
Implementation

This chapter describes the architecture and implementation of the system.

iVLAIR’s client-side web framework is built using Angular as shown in Figure 6.1,
which is built on top of JavaScript. It also relies on several external libraries to assem-
ble its graphical user interface and perform geometric constructions. The main and
bottom canvas of the visualization tool are built on top of HTML5 canvas. Fabric.js
[88] is used to create and populate graphical objects on the HTML5 canvas element,
such as drawing geometrical shapes, and JQuery is used to drag and drop the ele-
ments inside the canvas. The input column values are added to the middle panel as
DOM elements. Additionally, the objects on the right panel inside the main canvas
are implemented as DOM elements. Font Awesome [27] and Bootstrap libraries are
used to style the graphical interface.

The machine learning APT is built using Python. The Scikit-learn library [41, 60]
is used to split the images for training and testing. The Pandas library is used to
perform numeric operations and is built on top of Numpy [55]. The VGG 16 [72]
image classification algorithm is implemented using Python programming and is used
to solve data classification tasks. This algorithm is hosted using the Flask API and

is consumed from the client side.
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Figure 6.1: iVLAIR Architecture
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Chapter 7
Evaluation

We conducted a study to understand and evaluate the usability and effectiveness
of our tool from both expert and novice perspectives. We also aimed to determine
whether the tool achieves the goals we designed it for. The evaluation is primarily
qualitative, where participants are individually exposed to a task that simulates the
creation of an ML model. The study was conducted after receiving approval from the

ethics board at the University of Victoria.

7.1 Participants

We recruited 16 participants (6 female and 10 male) aged between 22 and 39 years
old through email announcements and referrals from previous participants (the snow-
ball method) [58]. The participants were from the University of Victoria and had
varying backgrounds and expertise. Please refer to Table 7.1 for more details on the
participants.

We chose all participants to have basic knowledge of Python programming. We
expected participants to understand and write a basic Python code because they
should be able to understand and modify the given Python code for one of the tasks
that involved performing machine learning classification using an existing ML algo-
rithm. During that task, we allowed them to experiment with the code and make
changes to the given code or write their own code to try to improve the prediction
results. However, we divided the participants into two groups based on whether they
had prior experience working with ML algorithms. Participants were considered to

have prior experience with ML if they had created at least one ML model or had
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taken at least one ML course. We deliberately wanted two participant groups to
know how each group felt about our tool and how useful they found it. Specifically,
we wanted to see if the tool would be more useful for novices of ML technologies. Af-
ter the participants agreed to participate in the study, we asked them through email
if they had prior experience working with ML or not. Based on that information,
we split the participants into two groups. Participants belonging to the first group
(referred to as Non-ML experts) were only familiar with the term machine learning,
but they didn’t have any experience working on ML software, while participants of
the other group (referred to as ML experts) have practical ML experience. The group
of ML experts itself had a variety of levels of expertise. Among the ML experts, two
were beginner programmers who were capable of working with ML software that were
mostly from existing examples; two were intermediate programmers who could use
complex ML software but didn’t have an understanding of most parts of what the
code does; four were sophisticated programmers who could understand most of the
ML code and could write and run complex ML software independently.

The participants received a $15 incentive to participate in the experiment. The
typical duration of the experiment for most participants was between 1 hour 10 min-
utes to 1 hour 15 minutes. However, the Research Ethics Board approved the study

for approximately 1 hour.
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Participants | Level of | Educational | ML Expertise | Levels of ML
Education | background expertise
P1 Masters Computer non-ML experts
Science
P2 Masters Computer ML experts Intermediate
Science Programmer
P3 PhD Electrical non-ML experts
Engineering
P4 PhD Computer ML experts Beginner
Science Programmer
P5 Masters Engineering ML experts Intermediate
Programmer
P6 Masters Math and | non-ML experts
Computer
Science
p7 Masters Computer ML experts Sophisticated
Science Programmer
P8 Masters Computer ML experts Beginner
Science Programmer
P9 Masters Computer non-ML experts
Science
P10 Masters Computer ML experts Sophisticated
Science Programmer
P11 PhD Computer ML experts Sophisticated
Science Programmer
P12 PhD Computer ML experts Sophisticated
Science Programmer
P13 Undergrad Computer non-ML experts
science
P14 PhD Ocean non-ML experts
Remote
sensing
P15 Undergrad Art History non-ML experts
P16 Undergrad Linguistics non-ML experts

Table 7.1: Participants Details
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7.2 Apparatus and Experiment Setup

The experimenter conducted the experiments on his/her personal laptop in a separate
room ECS 431 at the University of Victoria. The laptop has an Intel i5-6200U CPU
@ 2.30 GHz with 2 cores and 8 GB memory with a NVIDIA GeForce 940M. The
software required for the experiment includes Angular, node.js, python, numpy, flask,
opencv-python, tensorflowpip, matplotlib, Flask-Cors, pandas and torch torchvision
torchaudio. During the experiment the experimenter sat next to the participants to

guide them through the process.

7.3 Study Procedure

The experiment followed a within-subject design where all participants completed
the same set of tasks. During the experiment, an equal number of machine learning
experts and non-experts were given either the iVLAIR tool or the Python approach
for Task 1 and the other tool for Task 2. The order in which the participants were al-
located the tools was counterbalanced. Throughout the experiment, each participant
was guided by the experimenter to complete the study individually while following

the ‘think aloud’ protocol.

The experiment is divided into the following subsections:

1. Consent form and Introduction: When participants agreed to participate
in the study, we sent them an online consent form via email one day before
the experiment. At the beginning of the experiment, we presented them with
the general study goal and asked them to sign the printed consent form if they

agreed to participate.

2. Demographic form: Then, we asked the participants to fill out a printed
demographic form through which we collected their general demographic infor-
mation and background information such as age, sex, educational qualification,

and experience with Python programming and machine learning.

3. Task 1: During task 1, we gave half of the participants the iVLAIR tool while
the rest were given the python code (random forest classifier algorithm). We

chose to use the random forest classifier algorithm because most people would
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have already learned the algorithm in their machine learning courses, and it
would be easy for someone who is new to machine learning to understand the
algorithm. These tools are randomly assigned to the participants. We also gave
them the water potability dataset and asked them to classify if the given water

body is safe or unsafe for drinking using the given tool. Task 1 consists of:

A. Phase 1: During this phase, we split the overall process into four steps
and asked participants a couple of questions to understand their previous
knowledge on the process. We then provided instructions to execute each

step.

B. End of Phase 1 Questions: At the end of phase 1, participants answered
a few questions about their overall interpretation of the tool, their thoughts

on the prediction results, and what they would do to improve the results.

C. Phase 2: During the next phase, we gave participants 10 minutes to
freely experiment with the given tool. They tried to replicate what they
did previously or tried their own way to classify the given dataset using

the given tool and improve the prediction results.

D. End of Phase 2 Questions: At the end of phase 2, participants answered
a few questions about their new understanding of the tool after exploring it,
their understanding of the change in results, their new ideas for improving
the results, and what they would do to improve the results if they had

more time.

E. Phase 2 Questionnaires: Additionally, participants completed an SUS

questionnaire for the given tool at the end of phase 2.

4. Task 2: Task 2 had the same structure as Task 1. However, for this task, we
gave the participants the iVLAIR tool who were given the python code for task 1
and vice versa. We also provided the heart attack prediction dataset and asked
the participants to classify whether patients had a possibility of heart attack or
not using the given tool. This task also had the following subphases: A. Phase
1, B. End of Phase 1 Questions, C. Phase 2, D. End of Phase 2 Questions, E.

Phase 2 Questionnaires

5. Final questions and debrief: At the end of both tasks, we asked the partici-

pants few post-study questions about the main differences, pros, cons and their
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preferences for each of the two tools they used during the tasks. Finally, we
verbally debriefed and thanked the participants for their participation at the

end of the experiment.

7.4 Measurements and analysis

We collected data of qualitative and quantitative types:

1. We recorded audio of the entire process and captured videos of the on-screen

activities.

2. We performed combined inductive and deductive coding on the qualitative data.
First, we created a set of initial codes with a focus on interview question themes
such as the pros and cons of the two tools and user preference before analyzing
the collected data. Then, we transcribed the recorded audio and analyzed the
collected data for each participant using an ‘open coding’ approach and added

more codes. Finally, our research team refined and finalized the codes.

3. We collected System Usability Scale (SUS) data using a questionnaire (see Ta-
ble 7.2). SUS is a composite measure of the overall usability of the system being
studied, and the SUS score was calculated by summing the score contributions
from each item [13]. We performed quantitative analysis with the bootstrap-
ping method. We then interpreted the results using effect sizes and confidence
intervals (CIs) rather than p—values, following recommendations for statistical

practices in HCI and visualization (e. g., [18, 21]).
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Q1 | I think that I would like to use this system frequently.

Q2 | I found the system complex.

Q3 | I thought the system was easy to use.

4 I think that I would need the support of a technical person to be able to use this
system.

Q5 | I found the various functions in this system were well integrated.

Q6 | I thought there was too many inconsistency in this system

Q7 | I would imagine that most people would learn to use this system very quickly

Q8 | I found the system very awkward to use

Q9 | I felt very confident using the system

Q10 | I needed to learn a lot of things before I could get going with this system

Table 7.2: SUS questionnaires used in this study.
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Chapter 8

Results

In this chapter, we present both the quantitative analysis of participants’ self-rated
System Usability Scale (SUS) scores and the qualitative analysis results of their an-

swers and comments.

8.1 Quantitative SUS Analysis Results

We collected System Usability Scale (SUS) questionnaire data for iVLAIR and Python
approach separately from each of the 16 participants. We then calculated the overall
SUS score for all the questions and then separately for each of the questions in the

subsections below.

8.1.1 Overall Scores

First, we compute the average aggregated SUS score between iVLAIR and Python
approach for all participants, as well as for ML experts and non-ML experts separately.

Results are presented in Figure 8.1.
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Figure 8.1: Average aggregated SUS scores. Error bars represent 95% bootstrapped
CIL.

From the above graph, we can see that the mean SUS scores of iVLAIR and
Python approach for all participants are 61.56 [54.22, 69.38] and 55.16 [44.69, 65.63]
respectively. This indicates that iVLAIR has a higher mean score than the Python
approach. The mean SUS scores for iVLAIR and Python approach for non-ML ex-
perts are 62.81 [52.81, 73.75] and 46.56 [33.44, 58.44] respectively, which also shows
that iVLAIR is more preferred. However, a different pattern is observed for ML ex-
perts, with a mean of 60.31 [49.06, 70.94] and 63.75 [50.94, 78.75] respectively. This
suggests that the Python approach is more favored by ML experts than iVLAIR.

8.1.2 Overall Difference in Scores

Next, we compute the average aggregated SUS score difference between iVLAIR and
Python approach for all participants, as well as for ML experts and non-ML experts
separately. We also report the average aggregated difference in SUS score between ML
experts and non-ML experts for iVLAIR and Python approach separately. Results

are presented in Figure 8.2.
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Figure 8.2: Average aggregated difference in SUS scores. Error bars represent 95%
bootstrapped CI.

From the above graph, we can see that for non-ML experts, the mean difference
in SUS score between iVLAIR and Python approach is 16.25 (clearly greater than
0) which shows that iVLAIR scores are higher than Python. The confidence interval
(CI) is ([3.43 29.68]) which does not overlap with 0, indicating statistically significant
evidence for the existence of such a difference. For all participants and for ML experts
separately, the mean SUS score differences between iVLAIR and Python are 6.41 (-
7.03 19.53]) and -3.44(]-23.31 15.63]) respectively. Their mean values are close to 0
and their CI values largely overlap with 0. This shows that there is no evidence to
support the difference.

When we compare the scores between the two user groups for each technique, the
mean SUS score difference for iVLAIR approach between ML experts and non-ML
experts is -2.5 (CI [-14.6875 8.4375]). The mean value is close to 0 and the CI largely
overlaps with 0. So, we do not find evidence to support a difference. However, for
Python approach, the mean difference is 17.1875 (CI [5.625 29.375]). The mean is
greater than 0 and the CI does not overlap with 0. This shows that the experts
scores are higher than non-ML experts and the evidence to support such a difference

is strong.

8.1.3 Differences Between iVLAIR and Python Approach for
Individual Questions
Next, we conducted the same analysis as in the previous section. However, we made

comparisons separately for each of the 10 questions. The results of the comparison are

shown in Table 8.1. Scores with significant differences are represented with a double



52

red asterisk (**), while scores with close to significant differences are represented

with single red asterisks (*).
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Q1 Q2 Q3 Q4 Q5 Q6 Q7 Qs Q9 Q10

£ 4
< =
S, ®
=
?E Mean: | Mean: | Mean: | Mean: | Mean: | Mean: | Mean: | Mean: | Mean: | Mean:
-
o ‘& 0.13 0.19 -0.25 -0.44 0.56 -0.19 1.13 -0.25 0.13 -0.19
-
j % CI: CI: CI: CI: CI: CI: CI: CI: CI: CI:
Z [-0.56, | [-0.63, | [-1.25, | [-1.44, | [0.19, [-0.75, | [0.5, [-0.88, | [-0.63, | [-1.19,
0.75] 0.94] 0.75] 0.56] 0.94]** | 0.38] 1.69] 0.38] 0.81] 0.81]
-
o]
=
-~
P )
o Pl o
@ a Mean: | Mean: | Mean: | Mean: | Mean: | Mean: | Mean: | Mean: | Mean: | Mean:
foel 5 -0.38 0.38 -1.13 0.13 0.63 0.25 1.25 -0.38 -0.5 0.88
-
j CI: CI: CI: CI: CI: CI: CI: CI: CI: CI:
Z [-1.25, | [-1.13, | [-2.63, | [-1.5, [0.13, [-0.5, [0.5, [-1.5, [-1.5, [-0.38,
0.5] 1.88] 0.25]* | 1.75] 1.13)*%*| 1.0] 2.13]**| 0.75] 0.38] 2.25]
=
2
Y
gé Mean: | Mean: | Mean: | Mean: | Mean: | Mean: | Mean: | Mean: | Mean: | Mean:
o g 0.63 0.0 0.63 -1.0 0.5 -0.63 1.0 -0.13 0.75 -1.25
-
g = CI: CIL: CI: CIL: CI: CI: CI: CI: CIL: CI:
2 [-0.25, | [-0.5, [-0.38, | [-2.13, | [0.0, [-1.38, | [0.0, [-0.63, | [-0.13, | [-2.25,
1.38] 0.5] 1.75) 0.25]* | 1.0]* 0.13] 1.75]*% | 0.38] 1.63)* | -
0.38]**

Mean: | Mean: | Mean: | Mean: | Mean: | Mean: | Mean: | Mean: | Mean: | Mean:

iVLAIR
Experts vs non-Experts

0.5 -0.25 -0.5 0.25 0.25 0.25 -0.38 -0.13 0.0 0.75
CL CIL CIL CIL CIL CI: CIL CIL CIL CIL
[-0.38, | [-1.13, | [-1.63, | [-0.75, | [-0.13, | [-0.38, | [-1.63, | [-0.63, | [-0.75, | [0.13,
1.25) 0.63] 0.5] 1.25] 0.5] 1.0 0.63] 0.5] 0.75] 1.5)%*

Mean: | Mean: | Mean: | Mean: | Mean: | Mean: | Mean: | Mean: | Mean: | Mean:

Python
Experts vs non-Experts

1.5 -0.63 1.25 -0.88 0.13 -0.63 -0.63 0.13 1.25 -1.38
CI: CI: CIL CI: CIL CI: CI: CIL CI CIL
[0.5, [-1.38, | [0.5, [-2.25, | [0.38, | [-1.25, | [-1.38, | [-1.0, [0.13, [-2.5, -
2.5)%* | 0.13]* | 2.0]** | 0.5] 0.63] 0.0]** | 0.25] 1.0] 2.38]**| 0.38]**

Table 8.1: Mean and CI for the average difference in SUS scores for each of the

questions.
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. Q1: “I think that I would like to use this system frequently” (see A in Fig-
ure 8.3)-]

The mean SUS score difference between experts and non-Experts for Python
approach for Q1 is 1.5 (clearly greater than 0). The CI is [0.5 2.38] which
does not overlap with 0. This shows that the experts scores are higher and the

evidence is significant.

. Q2: “I found the system complex” (see B in Figure 8.3)

For Python approach, the mean difference between experts and non-experts
score is -0.63 (clearly less than 0). This shows that non-experts scored higher
than experts in terms of system complexity. The confidence interval is [-1.38,
0.13], which partly overlaps with 0. This shows that evidence is close to signif-

icant.

. Q3: “I thought the system was easy to use” (see C in Figure 8.3)

The mean difference in SUS score between experts and non-experts for Python
approach is 1.25. The mean is clearly greater than 0 and this shows that the
experts scored higher than non-experts. The confidence interval is ([0.5, 2.0])
which does not overlap with 0. This provides a significant evidence to support

the difference.

When comparing the mean difference of -1.13 between iVLAIR and Python for
experts we found that the mean value is clearly less than 0. This shows that
the Python scores are greater than iVLAIR. The confidence interval is [-2.63,
0.25] which partly overlaps with 0. This shows that the evidence to support the

difference is close to significant.

. Q4: “I think that I would need the support of a technical person to be able to

use this system” (see D in Figure 8.3)

The mean difference between iVLAIR and Python approach for non-experts is
-1.00 (clearly less than 0) and CI is [-2.13, 0.25]. When comparing the mean
value, we found that the Python scores are higher and as the CI partly overlaps

with 0, the supporting evidence is close to significant.

. Q5: “I found the various functions in this system were well integrated” (see E

in Figure 8.3)
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The mean values between iVLAIR and Python for all participants, experts
and non-experts are 0.56 [0.25, 0.94], 0.63 [0.13, 1.13] and 0.50 [0.00, 1.00]
respectively. In all cases mean values are clearly greater than 0 which shows
that the iVLAIR scores are higher than Python. The CI do not overlap with 0
for all participants and experts which shows that the evidence to support these
differences is significant. Whereas the CI touches 0 for non-experts and so the

supporting evidence is close to significant for non-experts.

. Q6: “I thought there was too many inconsistency in this system” (see F in
Figure 8.3)

The difference in mean and CI for experts and non-experts for Python is -0.63
and [-1.25, 0.0] respectively. The mean value is less than 0 which shows that the
non-experts score is higher than experts. The confidence interval overlap with

0 which shows that the evidence to support the difference is close to significant.

. Q7: ”I would imagine that most people would learn to use this system very

quickly” (see G in Figure 8.3)

The average score differences between iVLAIR and Python for all participants
and also for experts and non-experts separately are 1.13 [0.5, 1.69], 1.25 [0.5,
2.13] and 1.0 [0.0, 1.63] respectively.We found that the mean values are greater
than 0 in all cases and so the iVLAIR scores are higher than those of Python.
Also the CI’s for all participants and experts do not overlap with 0 and the
evidence to support these differences is significant. However, CI for non-experts

touches 0 and the evidence to support the differences is close to significant.

. Q8: 71 found the system very awkward to use” (see H in Figure 8.3)

We did not find any significant difference in the scores.

. Q9: "I felt very confident using the system” (see I in Figure 8.3)

The mean differences between experts and non-experts for Python approach is
1.25 and it is clearly greater than 0. This shows that the experts score is higher
than non-experts. The CI is [0.13, 2.38] which doesn’t overlap with 0. This

shows that the supporting evidence is significant.

The mean difference between iVLAIR and Python for non-experts is 0.75 and
the CI is [-0.13, 1.63]. The mean is greater than 0 which shows that the iVLAIR
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scores are higher than Python and the CI partly overlaps with 0 which shows

that the evidence is close to significant.

Q10: "I needed to learn a lot of things before I could get going with this system”
(see J in Figure 8.3)

The mean difference and CI between iVLAIR and Python for non-experts is
-1.25 and [-2.25 -0.25]. The mean value is clearly less than 0 which shows that
the Python scores are higher. The CI do not overlap with 0 and so the evidence

to support the difference is significant.

We then compared the mean score differences between experts and non-experts
separately for iVLAIR (0.75([0.13 1.38]) and Python (-1.38 (]-2.5-0.38])). From
that we found that for iVLAIR, the mean value is greater than 0 which shows
that the experts score is higher than non-experts. However for Python, the
mean value is less than 0 which shows that the non-experts score is higher. The
CI in both these cases do not overlap with 0 and so the evidence to support

these differences are significant.
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Figure 8.3: Average difference in SUS scores for questions Q1 to Q10. Error bars
represent 95% bootstrapped CI.

8.2 Qualitative Analysis Results

To generate qualitative results, we analyzed the data using a thematic analysis ap-
proach. We conducted experiment with 16 participants and the collected data in
audio format. We first created a set of initial codes focusing on pros and cons of
iVLAIR tool and the python approach to ML classification and the user preferences
before analyzing the collected data. We then transcribed the recorded audio and an-

alyzed the collected data for each participant and then then coded them using NVivo
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software using an ‘open coding’ approach. We used an inductive approach to identify
themes and sub-themes that emerged from the data. We then reviewed and refined
these themes until we finalized on the themes. We created a total of 45 codes, 10
sub-themes and 6 themes.

In the following subsections, we will discuss the advantages and disadvantages of
using iVLAIR compared to the python approach for machine learning classification
for each of the themes we created. We will also provide evidence from the participants

to support our claims and discuss user preferences.

8.2.1 Understanding Data

Every participant mentioned at some point that iVLAIR was helpful for them to
understand the data and to find data patterns when looking at the small multiples
( “because like even when I was seeing for 20 seconds, I started seeking like a pattern
[...]7 [P1], “it’s easier to see when I have visuals to compare more quickly than just
numbers [P12]). P8, an ML expert, specifically mentioned that it was useful for
detecting outliers ( “I think it’s good for detecting outliers maybe. If you go through
all the data set and you see one point that is like really far and does not relate to any
other points [...]”). Six participants: 3 experts (P2, P5, P8) and 3 non experts (P1,
P6, P13) said that it was easy to understand why a particular prediction is made and
to debug the model ( “I think that one could be used when you are stuck and you don’t
know what is wrong with your model” [P8], “I think maybe debugging is easier there,
like understanding patterns is easier, so patterns in data is easier in the visualization”
[P1]). However, P14 said that they needed more time to identify the data patterns
“I need some more time”).

Alternatively, when using the python approach, 12/16 participants were not able
to either understand or find patterns in data. For example, P4 said that “It’s hard for
me to understand from the data” and P1 said that “I would need time to look at them
because it’s hard to figure out if there is a similarity because I need to go through
the numbers at-least one by one”. Additionally, P5 could not understand why the
model made that prediction. “I can’t understand why the false positive values have
occurred here.”. In contrast, four other participants (P4, P7, P8 P10) who were all
ML experts said that they were able to find at least some patterns in data ( “Not
much. But yes, It does” [P10]).
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8.2.2 Prior Knowledge

7 out of 16 participants (P2, P5, P6, P7, P11, P12, P15) felt that iVLAIR helps
people learn machine learning by allowing them to perform machine learning classi-
fication without having to write any code “I think it would benefit new users or new
people that are learning machine learning” [P12]. Tt has some built-in functions and
is more suitable for non-programmers “help you visualize the data like easily and you
do not really have to know how to code. [...] It has a lot of built-in features that
you can use easily without programming.[...]” [P11]. Of these 7 participants, 3 (P5,
P6, P7) felt that even though the tool helps non-coders, they should have some prior
knowledge on input data “could be useful in a very niche setting where you have a
very specific kind of data set that you already sort of know something about.” [p6| or
they need to spend some time learning the application as a whole “I think it might
take a while to understand and use the system well I think that would take some time”
[P7]. Out of these 3 participants, P6 was a non-ML expert. In addition, 4 out of
16 participants, including an equal number of experts (P4, P8) and non-experts (P1,
P3), felt that they needed to have some knowledge of the data ( “you need to learn
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it like from scratch what every variable means” [P4]) and visualization ( .. requires
some knowledge like what does the size mean? what does the color mean? what does
the position mean? For them to interpret that information and map them all together,
they should know what a visual variable is and what a visual mark is” [P8]) and also
some support to learn to use the tool ( “visually could be helpful, but it needs some
technical support before that, so you can learn that tool” [P§].

On the other hand, 10 out of 16 participants felt that using the python approach
for machine learning classification requires sound programming knowledge. Among
them, seven participants (P2, P4, P5, P7, P8 P10, P12) were experts and three
were non-ML experts (P6, P14, P15). However, we did not find any difference in
results between these participant groups. “obuviously this needs some learning. [...]
if someone who is not really aware of python, they would have difficulty” [P2]. “I
definitely need a lot of support from someone else. Technical person or somebody”
[P14]. “If you don’t know coding then you can’t use it” [P15].

8.2.3 Easy to Use

When describing how easy it is to use iVLAIR approach for machine learning classifi-
cation, 4 (P1, P3, P5 and P10) out of 16 participants said that iVLAIR was intuitive
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because of the appropriate choices of visual elements and the user-friendly interac-
tion design. For example, P? mentioned that ( “I think labeling using the blue and red
makes it easier for me to remember which was true and which was incorrect”). Also,
the user controls were considered to be intuitive, simple, and easy to understand:
(“I don’t have to worry about anything. I simply have to just drag and drop the UI
elements and I'm done” [P3]) and only a button click away ( “This tool is easier for
me because everything is given here and it’s just a button click away from me”[P5]).

Three participants (P1, P4, P12) found the python approach to be a step-by-
step process with everything on one screen, so they didn’t have to navigate to another
screen. Participant [P8] said, “If I wanted to do it like in a simple script, I just use
this one”. Another participant [P13] said, “it was easier because it’s basically in

numbers and it’s easier to calculate and make predictions”.

8.2.4 Reusability

Two participants (P12 and P15) said that once they write the code using python
approach to machine learning, they don’t have to rewrite it again for another input.
Instead, they can use the same code for different inputs. One of the two participants
said, “if you don’t know the code, then you don’t know the code. But if you do know,
then it’s very repeatable” [P15]. However, for iVLAIR, participant P15 said that
they had to create a new visualization for every input ( “But with this, you might

have to create a new visualization for every input”).

8.2.5 Flexibility

Out of 16 participants with an equal number of ML experts (P2, P10, P11) and non-
ML experts (P3, P6, P7) said that python is very flexible and adaptable. They can
use different models or have a lot of options to improve the prediction results. For
example, P11 said that “the pros of python is that you can, you know, do whatever
you want with the data, build any different type of model” and P3 said that “with
code there are many options to try”. In addition, 3 out of those 6 participants (P2,
P3, and P10) felt that iVLAIR was a bit constrained when it comes to multiple
options to improve the results ( “you can do a lot more by actually coding than just
visualizations” [p7|, “And if the tool is not giving good results, I don’t think there is

much that can be done with the tool. But with code there are many options to try ”

[P3]).
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8.2.6 Familiarity

One participant [P12] suggested that using the python approach to solve machine
learning problems would be easier since they are already familiar with it, instead of
learning and using a new tool. Three other participants (2 ML experts [P5, P8] and
1 non-expert [P9]) mentioned that the use of the python approach is advantageous
because there are many resources available online that they can use to learn it. How-
ever, participant [P8] mentioned that there are not enough resources available for
iVLAIR as it is a new tool: “I'm comfortable with it and there’s a lot of resource on

the Internet that I can use. But with that one, there’s no resource. Just a new tool.”.

8.2.7 Preferences

At the end of the study session, we asked participants when they would prefer to use

iVLAIR over python and vice versa.

ML experts

Half of the machine learning experts (4 out of 8) preferred iVLAIR while the other half
(4 out of 8) favored python. However, one of the four participants who favored python
mentioned that iVLAIR approach is interesting as it makes it easier to understand
data: 7I think if I am experienced programmer coder in machine learning the previous
Jupyter notebook should be the first choice because it is verbose, but somehow we are
used to those lines. We can reuse and save code. And but at the same time, it’s
hard to see the data set using only tables. So that is the reason this second tool
15 interesting and should be a good option when we are trying to understand the
data. Because only looking the numbers is not enough, so having the ability to see
each instance creating these visuals is really interesting.” [P12]. Another participant
preferred python approach because of its flexibility, but considered iVLAIR approach
a better approach for non-programmers in learning Machine learning: “because [
do know python [...] I would prefer that because there’s different things you can do
as far as like normalizing the data. But to anyone who doesn’t know how to code, I
would surely recommend this [...J. I think it helps people understand machine learning
better.” [P11].

Most of the participants found that the purpose determined the choice of the tool.

iVLAIR was considered useful to visualize and understand the data: “Here, I'm just
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imagining things how they are going to be and then I'm just trying to imagine how the
model is going to work and not how it’s going to give me the reasons. But there I can
see the data. I think it makes a huge difference. I can see the data, I can see how and
why it’s right and why it is wrong.” [P2], to identify the data outliers: “I think it’s
good for detecting outliers. I think I would use it with that that case. Don’t want to
look at the numbers. Numbers are confusing to me, but if you look at the picture bigger
picture, you can definitely like hit the spot. This is what what’s wrong with my model
or something like that” [P8], to debug the model and to perform data transformation:
“This tool is very strong with data transformations. In the previous tool, if I want to
transform my data set it, it will take me forever [...J. You know, I have to have a lot
of knowledge to be able to do that, but in this tool, the data transformation part was
quite intuitive” [P10]. python approach was considered when participant choose to
use a simpler approach to solve ML classification problem: ”If I wanted to do it like
in a simple script, I just use this one” [P8].

One participant suggested a hybrid approach that uses both tools. They found
iVoLVER to be good for understanding the data and preferred using the python
approach to implement the ML model: “If I just want to take a quick overview of the
data and just if [ want to understand the data set, I think first system would be really
nice for actually understanding the data set and I think the second system would be

good for implementing The ML model after you understand the data set.” [PT7].

Non-ML experts

Out of 8 non-ML experts, 6 preferred the python approach. One of the partici-
pants considered using python because they are familiar with coding but preferred
the iVLAIR approach for model debugging: “I think again, if [ were doing something
related to if I'm debugging then maybe that tool over this. But if I'm doing like op-
erations and stuff then maybe this because I'm used to it” [P1]. Another participant
considered iVLAIR to be easy and more useful to solve smaller problems whereas
python was considered to solve complex problems: “I will still use traditional ml to
solve very hard problems. If it is a small problem, I would go for the visualization
approach because it provides easy interface where I don’t have to worry about writ-
ing code.” [P3]. Finally, three of these six participants mentioned that they would
consider using the python approach because they find the process simpler, faster and

more suitable for unfamiliar data. However, they said that they would choose iVLAIR
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if they had prior knowledge of data and visualization: “I think what I was trying to
say 1s I feel like this sort of low code approach could be useful in a very niche setting
where you have a very specific kind of data set that you already sort of know something
about. Whereas the more flexible programming interface s more useful in a broader
setting where we don’t already know what we’re trying to do” [P6]; “I prefer the first
one [iVLAIR tool] when I have some raw data and I'm not very familiar. With first
process, so I just need to pass the files like the row data data files into the machine
and it will provide the prediction results for us. In that case, it will be convenient to
have that one. I prefer to use the second one when I'm kind of like have experience
with visualization and then I can understand from the visualization the edge case that
the machine Cannot perform.” [P13]; “I might like the visualization one because that
like I know exactly which variables I'm trying to put in to measure. whereas here [...]
python seems faster” [P16].

Two other participants preferred the use of iVOLVER because they find it easier
to understand, manipulate and analyze data. Also they find the user controls more
easier to use: “I think. I'm actually not sure I I don’t see a situation where I would
prefer the jupyter one over this one, but that’s mainly because I like playing with it
and it’s actually easier to manipulate The data as well” [P9]; “maybe I would go for
the visualization tool because may be it’s easy for me to like Just look through the data
and understand what it is actually going on. And I can make modifications to the
visualization. I can select different columns whatever the columns, I can just drag it

and it’s kind of more useful for analysis” [P14].
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Chapter 9
Discussions

VLAIR [36, 37] is a novel method that transforms input data into visualizations
(pixel images) similar to those used by humans for data analysis and communica-
tion. These images can be used as input for convolutional neural networks, which
are adept at extracting visual features. VLAIR was initially applied to the Human
Activity Recognition (HAR) tasks but are capable of applying to other classification
tasks. Our iVLAIR tool is designed on top of VLAIR to generalize the advantages of
VLAIR to a larger population and for other datasets. To achieve this, we developed
a single application that allows users to upload an input dataset (Our tool can han-
dle input data in .csv or .xslx formats, as long as it does not exceed 3000 rows and
50 columns.), represent the input data as visualization using an inbuilt visualization
tool and then use those visualizations to perform data classification using an image
classification algorithm. The interface of iVLAIR’s visualization tool adopts elements
from iVOLVER.

We designed iVLAIR to allow participants to query iteratively (DP4), enable con-
tinuous improvement (DP3) and leverage visuals as much as possible (DP2) so that
machine learning classification tasks would be more interpretable (G1) and to facil-
itate sense-making of machine learning results and iterative improvement of models
(G3). Our study results indicates that, for many participants, it was easier to under-
stand the data and its patterns. The study also provides some evidence that the tool
supports people’s understanding of how and why the model has reached a particular
prediction which in turn helps to debug the model. However, the study also showed
some of the limitations of the approach. For example participant [P8] said “ Well like
if I had just this this picture of blue square, I would understand it {...}. But when

there are more colors and different positions that are away from the coordinates, then
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it’s hard for me to understand it because it’s away from the coordinates and it has a
different color, which I don’t know what it means.{...}. So it’s better if I see a legend
{..}”

Goal 2 (To help users to perform data classification interactively without (learn-
ing) coding) was addressed by applying three design principles: Support operation
without coding (DP1), Avoid unnecessary complexity (DP5), Avoid menus and hid-
den operations (DP6) and Avoid reliance on visual memory (DP7). The study found
that the tool was less dependent on having to learn to write code. However, our study
results also showed that iVLAIR is not a tool that can be used without prior learn-
ing. It has a learning curve of its own, which may create some overhead for learners.
The challenges with iVLAIR related to learnability are that it requires users to have
an understanding of data, visual marks, visual variables, and visual mapping and
the kind of influences it might have with the machine learning result. For example,
participant [P8] said “One requires some knowledge like what is, what does the size
mean? what does the color mean? what does the position mean? For them to interpret
the information and map them all together, they should know what a visual variable
1s and what a visual mark is”.

We think that the current design has some unexpected benefits that we did not
plan for or aim at. iVLAIR enables users to complete the whole machine learning
workflow from data preparation to result evaluation. This helps the non-ML users to
comprehend how machine learning works. Therefore, iVLAIR might be helpful for
teaching machine learning. Also, one of the participants in our study mentioned that
iVLAIR improves their understanding of machine learning: ”I think it’s just like it
helps people understanding machine learning better” [P11].

From the quantitative analysis results, while comparing the overall SUS score dif-
ferences between iVLAIR and python for non-ML experts, we found that iVLAIR
scores are higher than python with a significant difference. Also, when comparing
the diferences between experts and non-experts for Python approach, we found that
experts scores for python are higher than non-experts score with a significant differ-
ence. From this we interpret that non-experts would prefer to use iVLAIR when they
are not very comfortable with the python approach. However, our tool might be of
limited use to experts.

Furthermore, our study results raised several important questions. When a larger
dataset is used as input, what happens? Will the application’s performance be af-

fected? Will data transformations take longer? And perhaps more importantly, will
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the visualization approach scale when the data is very large, both in terms of features
(columns) and cases (rows)?. To handle large datasets and to provide meaningful
insights and patterns from the data, implementing expandable canvas to create visu-
alization might help.

Further research is needed to determine whether adopting Ul elements from iVOLVER
over tools such as Tableau is a good or bad choice. Although tools such as Tableau
are available, they are not suitable for small multiples. With the design of iVOLVER,
we were able to create visualizations for individual rows of data.

When we compared iVLAIR to other approaches, we found it to be unique. Model-
specific and model agnostic methods such as : Class Activation Mapping (CAM) [72],
Gradient-weighted Class Activation Mapping (Grad-CAM) [57, 56|, Guided Grad-
CAM [56], Layer-wise Relevance Propagation (LRP), DeepLIFT, LIME, SHAP (men-
tioned in Section 2.3) all uses visualization methods to explain the model predictions.
In addition, Partial Dependence Plots (PDP), Individual Conditional Expectation
(ICE), Accumulated Local Effects (ALE) and Feature Interaction Plots are visual-
ization methods that help identify the effect a feature has on the predicted outcome
of a machine learning model. These techniques either work at the instance level or
describe the average behavior of a machine learning model. They provide post-hoc
explanations meaning that they explain the predictions of a model after it has been
trained. However, iVLAIR allows users to understand the data and its patterns for
each row of data even before training the model. This helps users identify the feature
that might contribute to the model prediction. If no visible pattern is identified, users
can modify the visualization until they are satisfied. This helps them improve the

results.

9.1 Technical Constraints and Future Work

1. If the user wants to choose a different algorithm to improve the prediction
results, iVLAIR does not currently have an option that allows users to choose
an algorithm of their choice. However, in the future, we might include a drop-
down with a list of high-performance image classification algorithms from which

the users can choose their desired algorithm.

2. Data pre-processing is an important step to achieve good classification per-

formance. One of the essential pre-processing steps is data normalization.
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Data normalization involves transforming features into a common range so that
greater numeric feature values cannot dominate the smaller numeric feature
values. Currently, iVLAIR does not support data normalization. However, we

might be working on expanding our tool to support normalization in the future.

. If a user is using the iVLAIR visualization tool to create a visual mapping and
the page refreshes for some reason, their entire work will be erased and they
will have to start over. We might be planning to redesign our system so that

users can save their work and resume where they left off in the future.

. IniVLAIR, when a large dataset is used as input, the process of representing the
data as visualizations and converting them to images takes longer to execute on
a web browser. To reduce the processing time, we plan to implement multiple
threads for parallel processing. To achieve this, we may implement a back-end

server in the future.

Also, loading a large number of images on a web browser can be difficult. To
address this issue, we might implement techniques such as dynamic loading or

pagination on page scroll in the future.

. In the visualization screen, we may add features in the future that will allow
users to calculate the average, mean, and median of a training set. Users can
map these generated values to the created visual marks to quickly identify if
the data falls above or below these values. This helps users better understand

data patterns.
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Chapter 10
Conclusion

Machine learning algorithms are widely used in various applications, but they require
expertise and knowledge to use effectively. This makes it challenging for people with
different backgrounds to use them. However, there are several no-code or low-code
tools available to address this issue. Additionally, most machine learning algorithms
act as black boxes, which makes it difficult for humans to understand why the algo-
rithm has arrived at a particular result. There are many ways to explain the internal
workings of the model, but implementing these approaches also requires some knowl-
edge and technical expertise.

To solve this problem, we designed and implemented a web application tool
iVLAIR, which is designed on top of the VLAIR approach to take advantage of
deep learning and visualization techniques to solve classification problems. The tool
allows users to perform machine learning classification without the need of learning to
write textual programming. The tool can also be used to make the machine learning
process more interpretable by making it easier to understand the data and to improve
the model over time.

We conducted a study with 16 participants (8 experts and 8 non-experts) and
presented the results. The study highlighted the tool’s usability, advantages, and
disadvantages from both expert and novice points of view. Furthermore, the study
results revealed user preferences between iVLAIR and Python approaches. As ma-
chine learning algorithms are used in a variety of applications, the need to make them

more intelligible is equally important as making them accessible to a large population.
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Appendix A

Additional Information

We include two study scripts(one having iVLAIR tool for task 1 and Python code
for task 2 and the other having Python code for task 1 and iVLAIR tool for task
2), codebook used for the qualitative study, the phase 2 task sheet for iVLAIR and
Python approach and the post study questionnaire for iVLAIR and Python approach.

Study script: The complete script of the evaluation. Note that the script in red
were action items for the experimenter.

Codebook: The codebook is broadly classified into Pros and Cons of iVLAIR
and the user preferences.

Phase 2 task sheet: The tasks given to the participants during phase 2 of the
tasks.

Post-study questionnaire: The SUS questionnaire filled out by the participants
at the end of the study.



Study Script A
(Task1: iVLAIR; Task2: Python code)

Hi , thank you very much for taking the time to participate in our study. Before we start with our
experiment, | need to let you know about your rights as a participant. If you feel uncomfortable you may quit at any
time, and if you do so then | will delete your data right away and it will not be used. The data that we have
collected will be destroyed in future and no data will be used without your explicit consent. Your participation in
this experiment is confidential.

1. Consent form: Hope you find time to read the consent form | shared with you through email. Please feel free to
ask me any questions you have with the consent form. Could you sign the consent form if everything looks
good to you.

2. Demographic form: Here is a quick demographic survey and all questions are completely optional.

3. Study: Today, | will give you 2 tasks and each task will have two phases. In both the tasks, you will be asked to
perform ML classification, but you will be given a different tool and a different dataset. During phase 1, | will
guide you through the whole process. During the experiment, | will ask you a few questions. It’s okay if you do
not know the answer. Do the best according to your knowledge. During the whole experiment, | will use the
think-aloud protocol to let you speak aloud what you think, and | will observe both your actions and the
reasons you speak aloud. Now we are about to start the real experiment, please make yourself
comfortable. Also, | would request you to put your mobile phone on silent mode so that you will not be
distracted for the next 1 hour. | am now going to start the recording.

Task 1 (iVLAIR tool):

Let’s start with task 1. For this task, you will be given the experimental tool and the water potability dataset. As part
of our research, we designed this experimental tool to help users to perform Machine learning classification
without expert knowledge or programming experience. This tool is designed using an alternative approach of using
visualization for image classification. le, unlike the traditional approach to ML, where the raw input data is used
directly to solve a classification problem, here, we first represent the input data as visualizations and then we
convert the created visualizations into images. Then the generated images are used as input for the image
classification algorithm to perform data classification.

The given dataset has water quality metrics for different water bodies, and you must use the experimental tool to
classify if the water is safe or unsafe for drinking. In this dataset, Human consumption is the column that must be
predicted. Value 1 in this column indicates that the water is safe for drinking whereas 0 indicates that the water is
unsafe for drinking.

Phase 1:

Let’s start with Phase 1 of this task. This tool has 4 screens. You will be asked a couple of questions at the beginning
of each screen. This is screen 1.



Phase 1 Questions:

1. Take alook at this screen and tell me from your understanding, what do you think would be the
outcome of this screen execution?

Click on this upload button and upload this input file. ‘Human Consumption’ is the column that must be predicted.
Please select that column name under the label’s dropdown. Next click on the visualize button.

This is screen 2. | will give you 20 seconds to have a look at this screen.

Phase 1 Questions:
1. Okay, please tell me from your understanding, what do you think would be the outcome of this screen
execution?
2. Is there anything on this screen that you do not understand?

This is a visualization tool. Here we are going to re-represent the input dataset into visualizations and then we will
convert the created visualizations into images. Now let’s create this sample visualization to complete phase 1 of
this task. | will instruct you through this process. This is the top panel where we create the main visualization. This
panel has a default coordinate axis and the visualizations created will be with respect to this axis.

Sample visualization created for water potability dataset:

trihalomethanes
ph value
chloramines
sulfate
conductors
organic carbon
hardness &
turbidity
total solids

First, let’s draw a line by clicking on this line icon and dragging and dropping them into the top panel. Now a small
right panel appears inside the top panel. This displays the different properties of the selected line. We are using this
line to represent the good pH level of a drinking water. Good ph. level is 7. So, we shall enter 7 to the y-axis
position of this selected line. We shall scale this value by multiplying 10 to make the line come to the middle. then
set 0 to the x-axis position.

Now let’s add another line by dragging and dropping the same icon. Now, we must draw a vertical line. so, we must
click here and rotate it in anticlockwise. The maximum accepted hardness value of the drinking water is 170 ppm.



So, let’s input 170 to the x-axis position of the selected line and scale it by dividing it by 5. enter 0 to the y-axis
position. Now, we are done with the lines.

Next, let’s create the first square by dragging and dropping the square icon. Let’s assign blue color to the square by
clicking on the color parameter and choose blue color from the color palette. Next, let’s assign sulfate value to the
size of the square. Then scale the value by dividing it by 5 to make the square look smaller. Then assign hardness to
the x-axis position of the square and divide the value by 5. To do this, we must drag and drop this hardness from
this middle panel to the x-axis position of the square. This middle panel will have all the column names except the
human consumption which is the column that has to be predicted. The values to these columns will be based on
the selection in the left panel. Now, the visualization created here is for the selected row of data on the left panel.
When you select another row of data, the visualization created will be adjusted based on the selection here. Now,
let’s assign pH value to the y-axis position of the selected square and multiply the value by 10. Through this
visualization, we can see how the value of sulfate varies for varying hardness and pH levels. Also from this
visualization, we can find if the water is suitable or not suitable for drinking based on hardness values. Also, we can
see if the water body falls under the good ph. level.

Now we are done with the first square. Let’s create the second square and assign red color to this square. Next,
assign conductors' value to the size of the square and divide the value by 10. Then assign turbidity to the x-axis
position of the square and scale the value by multiplying it by 50 to move this square away from the other so that it
won’t be overlapping all the time. Because this may reduce the ML accuracy. Assign total solids to the y-axis
position of the square. Scale this value by dividing it by 1000 as this is a big number. Through this visualization, we
can see how the turbidity which is the cloudiness of the water and the total dissolved mineral in the water affects
the conductivity of the water.

Finally, let’s create the third square. But before that, we are going to make this third square aligned to the second
square. i.e., the position of the third square not only depends on its x and y position but also based on the xand y
position of the second square. To do this, we shall add another coordinate by simply clicking on the coordinate
icon. Now, to this second coordinate, lets assign the turbidity and the total solids to the x and y position like the
second square.

Now, let's drag and drop another square and assign a green color to this. Now, in the coordinates drop down
change from default coordinates to subordinate 1 which is the new coordinates that we created. Now, assign
trihalomethanes value to the side of this square and divide the value by 1. Then assign chloramines value to the x-
position and multiply the value by 10. Then organic carbon to the y position and multiply the value by 5. Now this
third square is associated with the second square. From this visualization we can see how the increase of organic
carbon and chloramines in water have an impact on the amount of trihalomethanes in water.

Now it’s the time to convert the created visualization into images so that they can be used as input to the image
classification algorithm. Before we do that, we must first use the viewport button and draw a rectangle outside the
created visualization. This rectangle acts as an image boundary. Next click on the apply all button. This creates the
visualization inside this rectangle for all the other rows of data and then the created visualizations will be converted
into images. the visualization outside this rectangle will be cropped. The generated images are displayed on the
right panel.

| will give you 10 seconds to view the created visualization.



Phase 1 Questions:
3. Okay, now tell me if the outcome of this execution matches your understanding?

Now click on the next button. This is screen 3. | will give you 20 seconds to have a look at this screen.

Phase 1 Questions:

1. Okay, please tell me from your understanding, what do you think would be the outcome of this
execution?
2. Is there anything on this screen that you do not understand?

You are right. We have integrated the VGG 16 image classification algorithm in this tool and we are going to use the
created images to train and test the algorithm. Before that, first we must split the generated images for training
and testing. We use the training images to train the algorithm and the testing images to test the algorithm. Values
entered in the text boxes indicate the % of images that can be used for training and testing. Based on the input
value, the generated images will be chosen at random. Here, the images surrounded by a solid line indicate that the
images are allocated for training and the ones surrounded by dotted lines indicate that the images are allocated for
testing. You can also modify the images allocated for testing into training images and vice versa by simply clicking
on the images. Here, 0 and 1 is the value of column human consumption which is the column that we are going to
predict. Clicking on 1 will display all the images that represent the data whose human consumption value is 1 and
similarly clicking on 0 will display all the images that represent the data whose human consumption value is 0. The
zoom here is to see the bird’s eye view of the images.

click on the Train button. It will take a couple of minutes. Training is now completed. Now, click on the test button. |
will give you 10 seconds to view the results.

Phase 1 Questions:
3. Okay, now tell me if the outcome of this execution matches your understanding?

Next, click on the compare results button. This is screen 4. | will give you 20 seconds to have a look at this screen.

Phase 1 Questions:

1. Okay, please tell me from your understanding, what do you think would be the outcome of this
execution?
2. Is there anything on this screen that you do not understand?

This is the compare results screen. This screen has different panels. Clicking on the panel and enabling the
checkbox in the confusion matrix loads the images corresponding to the selection in the selected panel. This screen
will help us to view and understand the similarities and the differences in data that gave different results. Let’s click
panel 1 and enable this checkbox to view the images that gave the TP results. Similarly click on panel 2 and enable
this checkbox to view the FP results. Here, the images on the left represent the data of the water samples that are
correctly predicted to be drinkable. and the images on the right represent the data of the water samples that are
incorrectly predicted to be non-drinkable but are drinkable. | will give you 20 seconds. Just see if you can find the
similarities or the differences in these images that made the algorithm make a wrong prediction.



Phase 1 Questions:
3. Okay, now tell me if the outcome of this execution matches your understanding.

End of Phase 1 Questions:
Now, you are at the end of phase 1. Before we proceed to phase 2, you will be asked these questions.

What is your interpretation of what the machine has done?

What do you think about the outcomes? Do you know if these results are good or bad?

If you had to improve the results, what would you try?

If you can only modify the dataset, such as modifying features for training and testing, what
would you try?

PWNR

This is the end of phase 1.

Phase 2:

Let’s start with phase 2. For this phase, | will give you 10 minutes to explore the tool and to perform data
classification using this tool all by yourself. But you can ask me any questions you have. It’s okay if you complete
this task before the given time, we can move to the next step.

Phase 2 tasks:

Here is the task sheet. To complete this task, you must follow the given steps. Before you start, | will give you 20
seconds to investigate this task sheet and ask me any questions you have. Time up. Thank you for completing the
given tasks. Before we complete this phase, | will ask a few questions.

End of Phase2 Questions:
1. From exploring this by yourself, do you have any new understanding?
2. Do you understand why the results change?
3. Do you have new ideas of improving the results?
4. If you have more time, what would you want to try?

Task 1 SUS Questionnaire:

Before we move on to the next task, you have to fill-in the questionnaire.

Congratulations, you have now completed task1.

Task 2:

Task 2 is the same as task 1, but for this task you | will give you an existing ML algorithm and a heart attack
prediction dataset to classify if the patient has a possibility of heart attack or not based on different parameters. 0
indicates that the patients have less chances for heart attacks and 1 indicates that the patients have more chances
for heart attack.

Phase 1:
Let’s start with phase 1. This is the random forest algorithm, and the algorithm is split in several cells. Before you
execute each cell, you will be first asked a couple of questions followed by instructions to execute each cell.



This is step1 of this algorithm.

Phase 1 Questions:

1. Please have a look at this code and now tell me from your understanding, what do you think would be
the outcome of this execution?

This function is to read the input file. Please click on this run button to execute this cell.

This is step2. | will give you 20 seconds to look into this code in this cell.

Phase 1 Questions:

1. Okay, now please tell me from your understanding, what do you think would be the outcome of this
execution?
2. Is there anything in this part that you do not understand?

This cell has different functions to delete or to modify the existing features/columns in the input dataset. First is
the delete function to delete the existing column. These functions are used to create a new column by performing
arithmetic operations on a column value with another value or by a constant. For phase 1, let’s execute this function
to modify the value of the column ‘Oldpeak’ by multiplying it by a constant 10. | will give you 10 seconds to view
the result.

Phase 1 Questions:
3. Now please tell me if the outcome of this execution matches your understanding?

This is step3. | will give you 20 seconds to investigate this code.

Phase 1 Questions:
1. Okay, now please tell me from your understanding, what do you think would be the outcome of this
execution?
2. Is there anything in this part that you do not understand?

Here, Y has values of the column - attack chances which is the column that has to be predicted and X has all the
other column values. This function splits the data for training and testing which takes test data percentage as input
and rest of the data will be allocated for training. Here, the test_size is 0.3. This means that 30% of data is allocated
for testing and the rest of the 70% of data will be used for training. X-test and X-train have the X values that is split
for test and train. Similarly, Y-test and Y-train have the Y values that is split for test and train. This function uses
the X-train and Y-train data to train the model and the next function uses X-test data to obtain prediction results.
Finally, this function will display the results along with the confusion matrix. Please execute cell 3. | will give you
10 seconds to view the result.



Phase 1 Questions:
3. Now please tell me if the outcome of this execution matches your understanding?

Next is step4 of this algorithm. This step extends from this cell to this cell. | will give you 20 seconds to look into the
code.

Phase 1 Questions:

1. Okay, now please tell me from your understanding, what do you think would be the outcome of this
execution?
2. Is there anything in this part that you do not understand?

These cells have different functions to compare the TP, TN, FP and FN results. For phase 1, please execute these
two cells to compare the TP and FP results. Here, the first result represents the data of the patients who are correctly
predicted to be healthy. and the second result represents the data of the patients who are incorrectly predicted to
have heart disease but are actually healthy. | will give you 20 seconds. Just try if you can find the similarities or the
differences in the data that made the algorithm to make an incorrect prediction.

Phase 1 Questions:
3. Okay, now tell me if the outcome of this execution matches your understanding?

Now, you are at the end of phase 1. Before we proceed to phase 2, | will ask you a few questions.

End of Phase 1 Questions:

What is your interpretation of what the machine has done?

What do you think about the outcomes? Do you know if these results are good or bad?

If you had to improve the results, what would you try?

If you can only modify the dataset, such as modifying features for training and testing, what
would you try?

PWNR

This is the end of phase 1.

Phase 2:
Let’s start with phase 2. In this phase, you will be given 10 minutes to explore the tool and to perform data

classification using this tool all by yourself. But you can ask me any questions you have. It’s okay if you complete
this task before the given time, we can move on to the next step. Here is the task sheet.

Phase 2 tasks:

To complete this task, you must follow the given steps. Before you start, | will give you 20 seconds to investigate
this task sheet and ask me any questions you have. Time up. Thank you for completing the given tasks.



Phase 2 Questions:
Before we complete this phase, you will be asked a few questions.

From exploring this by yourself, do you have any new understanding?
Do you understand why the results change?

Do you have new ideas of improving the results?

If you have more time, what would you want to try?

PWNR

We are at the end of task2.
Task 2 SUS Questionnaire:
Now, you must complete this questionnaire. Congratulations, you have now completed both the tasks.
Now, you will be asked a few post-study questions.
Post Study Questions:

1. What do you think are the main differences between the two systems that you have seen?
What do you think are the pros and cons for each of the two tools?

3. Under which circumstances would you prefer to use the tool you used earlier over the tool you used
now and vice versa?.

N

Congratulations you have now completed the whole experiment. | am now going to stop the recording.

4. Debriefing / Payment:

Thank you very much for your willingness to participate in this study. Also, thank you for your efforts in completing
all the given tasks and for providing your responses to all the questions asked during the study.

Your participation in this experiment helps us understand the pros and cons of our tool and the different
circumstances in which you would prefer our experimental tool over the existing ML algorithms to solve data
classification problems. Also, we are able to understand the usability of our tool from both the expert and the novice
points of view. By participating in this study, | believe that you got an opportunity to explore an alternative approach
to Machine Learning based on visualizations for image classification.

Thanks again! Do you have any questions?



Study Script B
(Task1: Python code; Task2: iVAIR)

Hi , thank you very much for taking the time to participate in our study. Before we start with our
experiment, | need to let you know about your rights as a participant. If you feel uncomfortable you may quit at any
time, and if you do so then | will delete your data right away and it will not be used. The data that we have
collected will be destroyed in future and no data will be used without your explicit consent. Your participation in
this experiment is confidential.

1. Consent form: Hope you find time to read the consent form | shared with you through email. Please feel free to
ask me any questions you have with the consent form. Could you sign the consent form if everything looks
good to you.

2. Demographic form: Here is a quick demographic survey and all questions are completely optional.

3. Study: Today, | will give you 2 tasks and each task will have two phases. In both the tasks, you will be asked to
perform ML classification, but you will be given a different tool and a different dataset. During phase 1, | will
guide you through the whole process. During the experiment, | will ask you a few questions. It’s okay if you do
not know the answer. Do the best according to your knowledge. During the whole experiment, | will use the
think-aloud protocol to let you speak aloud what you think, and | will observe both your actions and the
reasons you speak aloud. Now we are about to start the real experiment, please make yourself
comfortable. Also, | would request you to put your mobile phone on silent mode so that you will not be
distracted for the next 1 hour. | am now going to start the recording.

Task 1 (Python code):

Task 2 is the same as task 1, but for this task you will be given an existing ML and the water potability dataset. The
given dataset has water quality metrics for different water bodies, and you must use the experimental tool to
classify if the water is safe or unsafe for drinking. In this dataset, Human consumption is the column that must be
predicted. Value 1 in this column indicates that the water is safe for drinking whereas 0 indicates that the water is
unsafe for drinking.

Phase 1:
Let’s start with phase 1. This is the random forest algorithm, and the algorithm is split in several cells. Before you
execute each cell, you will be first asked a couple of questions followed by instructions to execute each cell.

This is step1 of this algorithm.

Phase 1 Questions:
1. Please have a look at this code and now tell me from your understanding, what do you think would be
the outcome of this execution?

This function is to read the input file. Please click on this run button to execute this cell. This is step2. | will give you
20 seconds to look into this code in this cell.



Phase 1 Questions:

1. Okay, now please tell me from your understanding, what do you think would be the outcome of this
execution?
2. Is there anything in this part that you do not understand?

This cell has different functions to delete or to modify the existing features/columns in the input dataset. First is
the delete function to delete the existing column. These functions are used to create a new column by performing
arithmetic operations on a column value with another value or by a constant. For phase 1, let’s execute this function
to modify the value of the column ‘Oldpeak’ by multiplying it by a constant 10. | will give you 10 seconds to view
the result.

Phase 1 Questions:
3. Now please tell me if the outcome of this execution matches your understanding?

This is step3. | will give you 20 seconds to investigate this code.

Phase 1 Questions:
1. Okay, now please tell me from your understanding, what do you think would be the outcome of this
execution?
2. s there anything in this part that you do not understand?

Here, Y has values of the column - attack chances which is the column that has to be predicted and X has all the
other column values. This function splits the data for training and testing which takes test data percentage as input
and rest of the data will be allocated for training. Here, the test_size is 0.3. This means that 30% of data is allocated
for testing and the rest of the 70% of data will be used for training. X-test and X-train have the X values that is split
for test and train. Similarly, Y-test and Y-train have the Y values that is split for test and train. This function uses
the X-train and Y-train data to train the model and the next function uses X-test data to obtain prediction results.
Finally, this function will display the results along with the confusion matrix. Please execute cell 3. | will give you
10 seconds to view the result.

Phase 1 Questions:
3. Now please tell me if the outcome of this execution matches your understanding?

Next is step4 of this algorithm. This step extends from this cell to this cell. | will give you 20 seconds to look into the
code.

Phase 1 Questions:

1. Okay, now please tell me from your understanding, what do you think would be the outcome of this
execution?
2. Is there anything in this part that you do not understand?



These cells have different functions to compare the TP, TN, FP and FN results. For phase 1, please execute these
two cells to compare the TP and FP results. Here, the first result represents the data of the patients who are correctly
predicted to be healthy. and the second result represents the data of the patients who are incorrectly predicted to
have heart disease but are actually healthy. | will give you 20 seconds. Just try if you can find the similarities or the
differences in the data that made the algorithm to make an incorrect prediction.

Phase 1 Questions:
3. Okay, now tell me if the outcome of this execution matches your understanding?

Now, you are at the end of phase 1. Before we proceed to phase 2, | will ask you a few questions.

End of Phase 1 Questions:

What is your interpretation of what the machine has done?

What do you think about the outcomes? Do you know if these results are good or bad?

If you had to improve the results, what would you try?

If you can only modify the dataset, such as modifying features for training and testing, what
would you try?
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This is the end of phase 1.

Phase 2:

Let’s start with phase 2. In this phase, you will be given 10 minutes to explore the tool and to perform data
classification using this tool all by yourself. But you can ask me any questions you have. It’s okay if you complete
this task before the given time, we can move on to the next step. Here is the task sheet.

Phase 2 tasks:

To complete this task, you must follow the given steps. Before you start, | will give you 20 seconds to investigate
this task sheet and ask me any questions you have. Time up. Thank you for completing the given tasks.

Phase 2 Questions:
Before we complete this phase, you will be asked a few questions.

1. From exploring this by yourself, do you have any new understanding?
2. Do you understand why the results change?

3. Do you have new ideas of improving the results?

4. If you have more time, what would you want to try?

We are at the end of task1.



Task 1 SUS Questionnaire:

Now, you must complete this questionnaire. Congratulations, you have now completed both the tasks.

Task 2 (iVLAIR tool):

Let’s start with task 2. For this task, | will give you the experimental tool and a heart attack prediction dataset. As
part of our research, we designed this experimental tool to help users to perform Machine learning classification
without expert knowledge or programming experience. This tool is designed using an alternative approach of using
visualization for image classification. le, unlike the traditional approach to ML, where the raw input data is used
directly to solve a classification problem, here, we first represent the input data as visualizations and then we
convert the created visualizations into images. Then the generated images are used as input for the image
classification algorithm to perform data classification.

The given dataset to classify if the patient has a possibility of heart attack or not based on different parameters. 0
indicates that the patients have less chances for heart attacks and 1 indicates that the patients have more chances
for heart attack.

Phase 1:
Let’s start with Phase 1 of this task. This tool has 4 screens. You will be asked a couple of questions at the beginning
of each screen. This is screen 1.

Phase 1 Questions:

1. Take a look at this screen and tell me from your understanding, what do you think would be the
outcome of this screen execution?

Click on this upload button and upload this input file. ‘Human Consumption’ is the column that must be predicted.
Please select that column name under the label’s dropdown. Next click on the visualize button.

This is screen 2. | will give you 20 seconds to have a look at this screen.

Phase 1 Questions:
1. Okay, please tell me from your understanding, what do you think would be the outcome of this screen
execution?
2. Is there anything on this screen that you do not understand?

This is a visualization tool. Here we are going to re-represent the input dataset into visualizations and then we will
convert the created visualizations into images. Now let’s create this sample visualization to complete phase 1 of
this task. | will instruct you through this process. This is the top panel where we create the main visualization. This
panel has a default coordinate axis and the visualizations created will be with respect to this axis.



Sample visualization created for heart attack dataset:

max heart rate
chalesteral

thalassemia
age

rest bp

chest pain

old peak

First, let’s draw a line by clicking on this line icon and dragging and dropping them into the top panel. Now a small
right panel appears inside the top panel. This displays the different properties of the selected line. We are using this
line to represent the good pH level of a drinking water. Good ph. level is 7. So, we shall enter 7 to the y-axis
position of this selected line. We shall scale this value by multiplying 10 to make the line come to the middle. then
set 0 to the x-axis position.

Now let’s add another line by dragging and dropping the same icon. Now, we must draw a vertical line. so, we must
click here and rotate it in anticlockwise. The maximum accepted hardness value of the drinking water is 170 ppm.
So, let’s input 170 to the x-axis position of the selected line and scale it by dividing it by 5. enter 0 to the y-axis
position. Now, we are done with the lines.

Next, let’s create the first square by dragging and dropping the square icon. Let’s assign blue color to the square by
clicking on the color parameter and choose blue color from the color palette. Next, let’s assign sulfate value to the
size of the square. Then scale the value by dividing it by 5 to make the square look smaller. Then assign hardness to
the x-axis position of the square and divide the value by 5. To do this, we must drag and drop this hardness from
this middle panel to the x-axis position of the square. This middle panel will have all the column names except the
human consumption which is the column that has to be predicted. The values to these columns will be based on
the selection in the left panel. Now, the visualization created here is for the selected row of data on the left panel.
When you select another row of data, the visualization created will be adjusted based on the selection here. Now,
let’s assign pH value to the y-axis position of the selected square and multiply the value by 10. Through this
visualization, we can see how the value of sulfate varies for varying hardness and pH levels. Also from this
visualization, we can find if the water is suitable or not suitable for drinking based on hardness values. Also, we can
see if the water body falls under the good ph. level.

Now we are done with the first square. Let’s create the second square and assign red color to this square. Next,
assign conductors' value to the size of the square and divide the value by 10. Then assign turbidity to the x-axis



position of the square and scale the value by multiplying it by 50 to move this square away from the other so that it
won’t be overlapping all the time. Because this may reduce the ML accuracy. Assign total solids to the y-axis
position of the square. Scale this value by dividing it by 1000 as this is a big number. Through this visualization, we
can see how the turbidity which is the cloudiness of the water and the total dissolved mineral in the water affects
the conductivity of the water.

Finally, let’s create the third square. But before that, we are going to make this third square aligned to the second
square. i.e., the position of the third square not only depends on its x and y position but also based on the x and y
position of the second square. To do this, we shall add another coordinate by simply clicking on the coordinate
icon. Now, to this second coordinate, lets assign the turbidity and the total solids to the x and y position like the
second square.

Now, let's drag and drop another square and assign a green color to this. Now, in the coordinates drop down
change from default coordinates to subordinate 1 which is the new coordinates that we created. Now, assign
trihalomethanes value to the side of this square and divide the value by 1. Then assign chloramines value to the x-
position and multiply the value by 10. Then organic carbon to the y position and multiply the value by 5. Now this
third square is associated with the second square. From this visualization we can see how the increase of organic
carbon and chloramines in water have an impact on the amount of trihalomethanes in water.

Now it’s the time to convert the created visualization into images so that they can be used as input to the image
classification algorithm. Before we do that, we must first use the viewport button and draw a rectangle outside the
created visualization. This rectangle acts as an image boundary. Next click on the apply all button. This creates the
visualization inside this rectangle for all the other rows of data and then the created visualizations will be converted
into images. the visualization outside this rectangle will be cropped. The generated images are displayed on the
right panel.

| will give you 10 seconds to view the created visualization.

Phase 1 Questions:
3. Okay, now tell me if the outcome of this execution matches your understanding?

Now click on the next button. This is screen 3. | will give you 20 seconds to have a look at this screen.

Phase 1 Questions:

1. Okay, please tell me from your understanding, what do you think would be the outcome of this
execution?
2. Is there anything on this screen that you do not understand?

You are right. We have integrated the VGG 16 image classification algorithm in this tool and we are going to use the
created images to train and test the algorithm. Before that, first we must split the generated images for training
and testing. We use the training images to train the algorithm and the testing images to test the algorithm. Values
entered in the text boxes indicate the % of images that can be used for training and testing. Based on the input
value, the generated images will be chosen at random. Here, the images surrounded by a solid line indicate that the
images are allocated for training and the ones surrounded by dotted lines indicate that the images are allocated for
testing. You can also modify the images allocated for testing into training images and vice versa by simply clicking
on the images. Here, 0 and 1 is the value of column human consumption which is the column that we are going to
predict. Clicking on 1 will display all the images that represent the data whose human consumption value is 1 and



similarly clicking on 0 will display all the images that represent the data whose human consumption value is 0. The
zoom here is to see the bird’s eye view of the images.

click on the Train button. It will take a couple of minutes. Training is now completed. Now, click on the test button. |
will give you 10 seconds to view the results.

Phase 1 Questions:
3. Okay, now tell me if the outcome of this execution matches your understanding?

Next, click on the compare results button. This is screen 4. | will give you 20 seconds to have a look at this screen.

Phase 1 Questions:

1. Okay, please tell me from your understanding, what do you think would be the outcome of this
execution?
2. Is there anything on this screen that you do not understand?

This is the compare results screen. This screen has different panels. Clicking on the panel and enabling the
checkbox in the confusion matrix loads the images corresponding to the selection in the selected panel. This screen
will help us to view and understand the similarities and the differences in data that gave different results. Let’s click
panel 1 and enable this checkbox to view the images that gave the TP results. Similarly click on panel 2 and enable
this checkbox to view the FP results. Here, the images on the left represent the data of the water samples that are
correctly predicted to be drinkable. and the images on the right represent the data of the water samples that are
incorrectly predicted to be non-drinkable but are drinkable. | will give you 20 seconds. Just see if you can find the
similarities or the differences in these images that made the algorithm make a wrong prediction.

Phase 1 Questions:
3. Okay, now tell me if the outcome of this execution matches your understanding.

End of Phase 1 Questions:
Now, you are at the end of phase 1. Before we proceed to phase 2, you will be asked these questions.

What is your interpretation of what the machine has done?

What do you think about the outcomes? Do you know if these results are good or bad?

If you had to improve the results, what would you try?

If you can only modify the dataset, such as modifying features for training and testing, what
would you try?
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This is the end of phase 1.

Phase 2:

Let’s start with phase 2. For this phase, | will give you 10 minutes to explore the tool and to perform data
classification using this tool all by yourself. But you can ask me any questions you have. It’s okay if you complete
this task before the given time, we can move to the next step.



Phase 2 tasks:

Here is the task sheet. To complete this task, you must follow the given steps. Before you start, | will give you 20
seconds to investigate this task sheet and ask me any questions you have. Time up. Thank you for completing the
given tasks. Before we complete this phase, | will ask a few questions.

End of Phase2 Questions:
1. From exploring this by yourself, do you have any new understanding?
2. Do you understand why the results change?
3. Do you have new ideas of improving the results?
4. If you have more time, what would you want to try?

Task 2 SUS Questionnaire:

Before we move on to the next task, you have to fill-in the questionnaire. Congratulations, you have now
completed both the tasks.

Now, you will be asked a few post-study questions.
Post Study Questions:

1. What do you think are the main differences between the two systems that you have seen?

What do you think are the pros and cons for each of the two tools?

3. Under which circumstances would you prefer to use the tool you used earlier over the tool you used
now and vice versa?.

N

Congratulations you have now completed the whole experiment. | am now going to stop the recording.

4. Debriefing / Payment:

Thank you very much for your willingness to participate in this study. Also, thank you for your efforts in completing
all the given tasks and for providing your responses to all the questions asked during the study.

Your participation in this experiment helps us understand the pros and cons of our tool and the different
circumstances in which you would prefer our experimental tool over the existing ML algorithms to solve data
classification problems. Also, we are able to understand the usability of our tool from both the expert and the novice
points of view. By participating in this study, | believe that you got an opportunity to explore an alternative approach
to Machine Learning based on visualizations for image classification.

Thanks again! Do you have any questions?



iVLAIR Code Book

Name Description Files References
Cons 0 0
iVlair 0 0
basic ML knowledge required 2 2
difficulty finding the data pattern 2 2
doesn't work for large data 4 6
less familiar 2 2
prior knowledge required 0 0
knowledge on data required 4 5
knowledge on tool required 3 3
people with visualization knowledge 2 3
restricted control 3 3
time consuming 1 1
trial and error 1 1
Python 0 0
difficult to transform data 1 1
difficult to understand data 0 0
difficult understanding data 2 2
hard to identify data patterns 10 10
prior or technical knowledge required 10 13
visualization is trickier 1 1
Pros 0 0
iVLAIR 0 0
different or interesting approach 3 3
easy to transform data 1 2
easy to use 5 7
no prior knowledge required 0 0
novice or first time ML users 7 10
To understand data 0 0
detect outliers 1 1
easy to understand data 7 10
Identify data patterns 12 18
visually see the changes you make 1 1
Python 0 0
can re-use the code 2 2
easier to use 2 2
easy to see the flow 3 3
easy to understand data 1 1
familiarity 4 4
faster 1 1
flexibility 6 6
understand data patterns 4 4
works for large data 2 2
Faster 1 1
large dataset 1 1
User preferences 0 0




iVLAIR

data transformation

debug

prior knowledge on data

prior visualization knowledge

understand ML

understand data

Python
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flexibility

hard problems

large datasets

other operations

reusability

RIRINIRPINIPIO|IN|RIN|IR]IA]IN]|O

RPIRINIPIN|IPIO|IN|IRIN|IR]IBRIN]|O




Phase 2 — IVLAIR Tasks

To complete this phase, you will be only given 10 minutes:

1. You must use the same dataset you used for phase 1.

Create new visualization or modify the existing visualization created during phasel.
3. Next, perform ML classification with the new visualization. In this step, you are free to
modify the images allocated for training and testing either by modifying the values

entered in Train % and Test % text boxes or by clicking on the images.
4. Finally, view and compare the results.

N



Phase 2 — Traditional ML Tasks

To complete this phase, you will be only given 10 minutes.

1. You have to use the same dataset you used for phase 1.

2. You can modify the given dataset by executing any or all of the given functions. You
can even modify the given functions or create your own functions.

3. Then, you can not modify the given algorithm. But in this step, you are free to modify
the percentage of data allocated for training and testing.

4. Finally, view and compare the obtained results.



System Usability Scale - iVLAIR

Strongly Strongly
disagree agree
1. | I think that | would like to use this system frequently. O O O O O
2. | | found the system unnecessarily complex O O O O O
3. | I thought the system was easy to use. O O O O O
4. | I think that | would need the support of a technical O O O O O
person to be able to use this system.
5. | I found the various functions in this system were well O O O O O
integrated
6. | | thought there was too many inconsistency in this O O O O O
system
7. | I would imagine that most people would learn to use this O O O O O
system very quickly
8. | | found the system very awkward to use O O O O O
9. | | felt very confident using the system O O O O O
10. [ I needed to learn a lot of things before | could get going O O O O O
with this system




System Usability Scale - Python Code

Strongly Strongly
disagree agree

| think that | would like to use this system frequently. O O O O O

| found the system unnecessarily complex O O O O d

| thought the system was easy to use. O O O O O

| think that | would need the support of a technical O O O O d

person to be able to use this system.

| found the various functions in this system were well

(]
(]
O
(]
O

integrated

| thought there was too many inconsistency in this O O O O O
system

| would imagine that most people would learn to use this O O O O O

system very quickly

| found the system very awkward to use O O O O O

| felt very confident using the system

]
O
O
O
O

| needed to learn a lot of things before | could get going O O O O d
with this system
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