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ABSTRACT 

Deep learning has been extensively used in many areas because of its proven benefit. However, developing deep learning is 
challenging. The master thesis aims to investigate suitable information visualization for the output of an automated deep learning 
model platform. The thesis has been carried with Bitynamics AB. The methodologies used are: 1) user research; 2) prototyping; 
3) user evaluation. The design requirements are gathered from user research and study literature. The prototype offered the 
visualization, including a list of models, model comparison, model training, testing, and prediction result.  Ten people have 
evaluated the prototype by using usability testing, subjective expert interview, and questionnaires. From the user evaluation, it 
indicates the prototype has addressed the user problems in deep learning. The result shows the prototype has good usability 
based on the SUS and has a completion rate of 100%. The participants’ feedback has been categorized into five labels: 1) defining 
and designing the necessary functionalities; 2) the importance of customization; 3) designing the information visualization; 4) 
user interaction with data; and 5) trustworthiness of the recommended actions for parameter tuning. These labels should be 
considered when designing the visual analytics of an automated deep learning output platform. 

 

 

 
SAMMANFATTNING 

På grund av att dess bevisade förmåner har deep learning har använts utförligt inom många områden. Dock är utvecklingen av 
deep learning utmanande. Målet med denna masterexamensarbetesrapport är att undersöka lämpliga visualiseringar för 
produkten från en automatiserad deep learning -modellsplattform. Arbetet har utförts tillsammans med Bitynamics AB. 
Metodologierna som har använts är: 1) användarintervjuer; 2) utveckla prototyp; 3) användarutvärdering. Designkraven är 
hämtade från användarforskning och studieliteratur. Prototypen erbjöd visualiseringen, inklusive en lista av modeller, 
modelljämförelse, modellträning, testning och resultatförutspåelse. Tio personer har utvärderat prototypen genom 
användarvänlighetstest, subjektiv expertintervju och frågeformulär. Från användarutvärderingen, är det indikerat att prototypen 
har hanterat användarnas problem med deep learning. Resultaten visar att prototypen är användarvänlig, baserat på SUS och 
en slutförandeandel på 100%. Deltagarnas återkoppling har kategoriserats in i fem kategorier: 1) definera och designa de 
nödvändiga funktionaliteterna; 2) betydelsen av anpassning; 3) designa informationsvisualiseringen; 4) användarinteraktion 
med data; 5) tillförlitlighet till de rekommenderade handlingarna för att ställa in parametrar. Dessa kategorier bör tas I hänsyn 
när man designar de visuella analyserna från en automatiserad deep learning -plattform. 
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ABSTRACT 
Deep learning has been extensively used in many areas 
because of its proven benefit. However, developing deep 
learning is challenging. The master thesis aims to investigate 
suitable information visualization for the output of an 
automated deep learning model platform. The thesis has been 
carried with Bitynamics AB. The methodologies used are: 1) 
user research; 2) prototyping; 3) user evaluation. The design 
requirements are gathered from user research and study 
literature. The prototype offered the visualization, including 
a list of models, model comparison, model training, testing, 
and prediction result.  Ten people have evaluated the 
prototype by using usability testing, subjective expert 
interview, and questionnaires. From the user evaluation, it 
indicates the prototype has addressed the user problems in 
deep learning. The result shows the prototype has good 
usability based on the SUS and has a completion rate of 100%. 
The participants’ feedback has been categorized into five 
labels: 1) defining and designing the necessary 
functionalities; 2) the importance of customization; 3) 
designing the information visualization; 4) user interaction 
with data; and 5) trustworthiness of the recommended 
actions for parameter tuning. These labels should be 
considered when designing the visual analytics of an 
automated deep learning output platform. 

Author Keywords: automated deep learning, analytics, 
visualization, SUS score, usability 

1 BACKGROUND 

Deep learning is an evolved form of machine learning, which 
continuously analyses data with a logic structure like how the 
human brain works by using the layered structures of 
algorithms called a neural network. Deep learning can 
process highly complex data with the neural network by 
executing it with a multi-level representation, starting from 
a raw input into a higher-level representation [1]. Deep 
learning has been successfully implemented in most life 

aspects, such as digital imaging, speech recognition, 
autonomous driving cars, and gene detection [2]. With its 
proven benefit, it is needed for deep learning to be massively 
implemented [3]. However, implementing deep learning is 
not easy. One of the main problems in deep learning is 
finding a suitable model. Model is defined as the 
mathematical representation, which consists of the model 
data and prediction algorithm. To find the right model, the 
developers have to investigate several models to compare the 
performance. Bitynamics AB is currently trying to address 
the problem by developing an automated deep learning 
platform that accommodates user needs in model selection. 
The automated deep learning platform will use the dataset 
and initial parameters (optional) entered by the user to 
generate the recommended model(s). The automated deep 
learning project is divided into three parts: the user input, the 
deep learning algorithm, and the output. The output becomes 
the primary focus of this degree project with the main 
objective to investigate the suitable information visualization 
for automated deep learning output. 

The important consideration to build the platform is to deal 
with a lack of interpretability in deep learning [4]. Deep 
learning is seen as a “black-box” since it is difficult to 
understand how it works [5][6]. The problem of 
understanding how the model in deep learning works leads 
to difficulties in improving the model [5][7]. Therefore, it is 
essential to bridge the gap between what the model presents 
with what the user expects for a better understanding [8]. 
Some research showed that the understanding of the 
presented information would help the user to make the right 
decision, for instance, changing the parameter to improve the 
model [7][9]. Presenting information through visualization 
has been studied as a powerful tool for improving the 
interpretability and explainability, debugging and improving 
the model, and comparing and selecting the model [4]. 

The research question in this degree project is: 

 

 



 
 

 

 
 

2 RELATED WORKS 

This related work will cover the state-of-the-art of deep 
learning and its challenges, human-centered information 
visualization concept, and some related works of the existing 
platforms to visualize machine learning. 

2.1 Deep Learning  

Deep learning can process multi-levels of data 
representation, by composing simple but non-linear modules 
to transform from one level to higher-level data 
representation [1]. To generate a high-performance model, 
adjusting the hyperparameter (the external variables that 
cannot be estimated from data) cannot be hindered. Better 
hyperparameters will optimize model performance [2][9]. 
However, addressing the hyperparameters is a difficult task. 
Until now, the exact combination of the hyperparameters and 
the results are still unknown [4]. 

2.2 Human-Centered Information Visualization 

Human-centered information visualization means the user 
can interact with the visual representation to grasp the 
underlying data [10]. Shneiderman proposed the 
fundamental feature in the information visualization 
retrieval. To find the information, by applying Shneiderman 
Seeking Mantra concept, the user will start with the overview 
and then followed with zoom and filter, and finally details on 
demand [11]. Most of the current information visualization 
only focused on data representation (how data is presented) 
rather than functionality, task, and user [12]. Therefore, 
designing a system that can bridge the gap between the user 
and data representation is a challenging work [10]. 

2.3 Deep Learning through Human-Centered 
Information Visualization 

Some research in improving deep learning through 
information visualization has been done. Unpublished paper 
from Zeng presented some works related to understanding 
deep learning through visualization [7]. His research 
concluded that information visualization is helpful to 
understand how the model works. Most designs for 

visualization involved multiple views that he believed led to 
misinterpretation. He suggested that iterative feedback and a 
user-friendly interface is needed.  

In 2019, Fred Hohman and colleagues tried to discover the 
importance of visual analytics in deep learning [4]. They did 
a timely survey on visualization and visual analytics to 
relevant journals to understand visual analytics in deep 
learning. They found that displaying too much information 
at the same time can be overwhelming. The system should be 
in the best usability when making data interpretation. For 
further research, they suggested involving the human-
computer interaction to organize and prioritize the interface 
in analytics visualization. 

Sacha and colleagues have proposed the frameworks to 
bridge the human interaction with the machine learning 
component through visual analytics [8].  They argued that it 
is important to understand the task and the user better. They 
also suggested checking the consistency to bridge the gap 
between what can be visualized and the user’s expectation.    

2.4 Existing Platforms 

ConvNetJS is an open-source platform developed by 
Karpathy to train and visualize the deep learning model using 
a web browser [13]. Currently, ConvNetJS provides eight 
different options in which data inputs are predetermined. 
Even though the datasets are predetermined, the user can still 
interact with the hyperparameter to directly see the change 
on the output.  

Cloud AutoML is a platform developed by Google that can be 
used by experts and non-experts to train and visualize custom 
machine learning models based on business needs [14]. The 
platform produces a REST API to generate the prediction; 
thus, it is relatively easy to integrate with the external 
application or website. Besides, Cloud AutoML is fully 
integrated with other Google Cloud; hence it will be easier to 
store the training dataset in the cloud.  

CreateML is the machine learning platform to train and 
model visualization developed by Apple [15]. To use 
CreateML, developers have to put some lines of codes to use 
specific parameters and visualization. It means the CreateML 
required the user’s understanding in coding the algorithm.  

TensorBoard is a TensorFlow visualization toolkit that 
provides the measurements and visualizations needed during 
the machine learning stages [16]. To integrate the code with 
visualization, the user has to write code to include the library 

What are the opportunities and challenges of designing a 
visual analytics system to support the semi-automated 
creation of deep learning models with a study case of a 
balanced tabular input dataset for a classification 
problem? 

 



 
 

and call the TensorBoard function. When running the code, 
the dashboard visualization will show below the codes. 
TensorBoard provides the output metrics in the form of 
charts in the scalar’s menu. It also provides the graphs to 
visualize the model.  

Another platform for visualization is TensorFlow Playground 
[17]. This platform facilitates the user to understand how 
deep learning works. TensorFlow Playground allows the user 
to interact with the input parameter and see the effect 
directly. The platform is also equipped with an animation 
showing data flow from one layer to another layer. Since this 
platform is focused on learning purposes, the input datasets 
are predetermined.  

3 METHOD DESCRIPTION 
The methodologies used in the research are including user 
research, prototyping, and user evaluation.  
 
3.1 User Research 
User research has been conducted in interviews with ten 
people aged 24 – 40 years. The participants were recruited 
from Bitynamics and the author’s colleagues. All participants 
voluntarily participated in usability testing without any 
compensation. Five participants have developed deep 
learning projects; four people knew the basic concept of deep; 
one person did not have knowledge in the machine learning 
field but has prior knowledge in statistics. The result from the 
user research is then used as a guideline to structure the 
novice user tasks to propose the design solution.    

3.2 Prototype Development 
The next step is proposing the design solution using the paper 
prototype. The paper prototype is widely used in human-
computer interaction, especially in user-centered design 
research, because it can save time and money [18]. A paper 
prototype is used to test the user flows and functionalities. 
The testing has been performed for two people in Bitynamics 
AB. The participants were not given a specific scenario; 
however, let them explore all functionalities in the prototype 
in order to validate the overall user’s flow. The transition 
between screens used the Wizard of Oz technique [19]. The 
participants were required to think aloud during the testing. 
The feedback from the user testing was used to improve the 
prototype. The next step is transferring the paper design into 
a high-fidelity prototype using Sketch and Invision. The first 
prototype was used for the design evaluation for a group of 
five people. The evaluation result from the prototype was 

 
1 https://zoom.us/ 

used to develop the second prototype and evaluate it to 
another group of five people. 

3.3 User Evaluation 

3.3.1 Usability Testing 
The high-fidelity prototypes have been evaluated by 
conducting usability testing, semi-structured interviews, and 
questionnaires with ten participants, ages 22-34 years old (six 
expert users and four novice users). The participants were 
classified based on their experience in developing deep 
learning project. The usability testing has been conducted 
through a video call with Zoom1 application due to the covid-
19 issue that prohibits people’s physical interaction. Each 
prototype has been tested to a group of five people. The user 
can choose which mode to use. Six participants chose the 
advanced settings, while four participants chose the basic 
settings based on their deep learning knowledge. The 
participants were given a different number of tasks 
depending on the selected settings, as defined in Table 1. 
 
Table 1 User Tasks for Evaluation 

Tasks  Advanced  Basic 

Compare two models and pick the best model v x 

Download the best model to the computer v v 

Observe the training model result v v 

Observe the test model result v v 

Generate the model prediction  v v 

Retrain a model v x 

The users were given a maximum of 7 minutes to perform all 
the actionable tasks and unlimited time for observation tasks. 
The participants were required to think aloud when 
performing the specified tasks.  

3.3.2 Semi-Structured Interview 

Each participant was interviewed to get feedback about the 
platform. They were allowed to explore the prototype again 
during the interview. The participants were asked some 
questions about visual data analysis, reasoning, and user 
experience using the questions template based on the Seven 
Guidelines for Information Visualization Evaluation [20].  



 
 

3.3.3 Questionnaires 

After conducting the interview, the participants were asked 
to fill in the survey consisting of 10 Likert-scale questions 
that have been created following the System Usability Scale 
(SUS) template [21]. SUS is chosen as its capability to 
measure the usability of the prototype with small samples of 
data. 

4 RESULTS 

4.1 User Research Result 

The goal of conducting user research is to understand the 
user challenges in deep learning (or machine learning) and 
capture the user’s existing behavior in using the current 
platform to develop the algorithm. It indicated that there are 
four main challenges in deep learning.  

The main challenge is choosing the right model. To produce 
a robust result, the model developer needs to learn which 
model will be potentially suitable for a particular dataset. 
After they had narrowed the models down to a few options, 
they started training the model and making the performance 
comparison for each selected model.  

The second challenge is doing hyperparameter tuning. Most 
of the time, the first model configuration is unable to produce 
the expected result. Hyperparameter tuning is not easy since 
there are no exact hyperparameter-output combinations that 
can guarantee an improvement in model performance [4]. 
The participants expected to be able to see the parameter 
impact on the output. Observing the parameter contribution 
to the output seems challenging since the parameters are 
working together to produce the output. As the participants 
were aware of the condition, they expected to have the 
recommendation on how to improve the model. 

The third challenge is understanding how the model works 
[5][6]. Two users said that they wanted to see how the 

algorithm transforms the dataset into the abstraction level of 
each network layer while the other eight users wanted the 
visualization to help them interpret the meaning.  

The fourth challenge is understanding the analytics result of 
the generated model for the novice user. New learners 
wanted to understand which metrics should be analyzed to 
decide whether the model is good or need improvement. In 
addition to analytics, one expert user said that plotting the 
metrics is not difficult; but, automatically presenting the 
graph will reduce his workload. In his current situation, he 
has code to plot the metrics. 

4.2 Prototype Result 

The prototype has created based on user research, existing 
product analysis, and literature study. The prototype consists 
of a paper prototype, the first high-fidelity prototype, and the 
second-high fidelity prototype.   

4.2.1 Paper Prototype  

The paper prototype focused on delivering the idea of the 
whole user flow. The paper prototype has been tested for two 
expert users in Bitynamics AB.  Overall, the paper prototype 
received positive feedback from the participants. The first 
user gave the feedback to put the training and validation 
metrics in one graph to help the user to recognize if the model 
is overfitting. Overfitting is the condition when the model is 
too closely to a particular set of data that is used for training 
the mode. The second participant liked how a system 
presented a few model selections. He also liked the system 
have the prediction feature that let him use the model directly 
on the platform. He suggested that the system could visualize 
of actual and prediction comparison to see how good the 
model was. 

4.2.2 High Fidelity Prototype  

Two high-fidelity prototypes have been used to evaluate the 
solutions. The second prototype is the improvement of the 

Figure 1 High-Fidelity Prototype 1) List Model 2) Model Comparison 3) Model Training 



 
 

first prototype (Figure 1, Figure 2). Some improvements in 
the second prototype are: implementing the collapsible 
metrics, changing color and shape choice, implementing a 
filter for actual and prediction samples, adding the 
quantitative summary, and moving the parameter to the 
metrics instead of the hidden menu. The prototype follows 
Shneiderman’s guidelines in designing information 
visualization [11].  Designing the visualization started with 
the user objective first, which gathers from user research and 
then visualizes based on the type of data [22]. The focus of 
the high-fidelity prototype is designing the interactive 
visualization, which is summarized in Table 2. 

The first is the top performance models. The automated deep 
learning platform will train and compare several models. 
Presenting the model recommendation list is following the 
concept of overview Shneiderman where the user can capture 
an overview of entire information [11]. Each model will have 
an overview of the performance; therefore, without clicking 
the detailed information, the user can decide which model to 
use.  The reason for displaying a maximum of five models is 
based on the study that human memory can remember seven 
plus minus two information simultaneously [23]. This 
limitation aims for the user to focus on the best models while 
allowing them to have control over choosing the model. All 
the top five models are sorted by default from the best to the 
least performance to help the user to pick the model quickly. 
Hence, it builds an efficient system. 

The second is the model’s comparison. All the presented 
models are comparable. To afford the user flexibility on the 
model’s selection, the comparison models feature designed 
following the Shneiderman filter concept of designing 
information visualization that allows the user to focus on 
interesting information. With the filter concept, the user has 
control of how many models to compare. To compare the 
models, the user has to pick at least two models by using the 
checkbox button. The text above the compare button informs  

Table 2 Interactive Information Visualization for Prototype 

 

Feature Visualization Type Interaction 
Technique 

1) Top performance models Grid View  

2) Models comparison Table Filter 

3) Training model details:  

- Accuracy training vs 
validation per iteration 
(epoch) 

Double Line chart Filter, Hover 

- Loss training vs validation 
per epoch 

Double Line Chart Filter, Hover 

- Total training and 
validation time 

Circle  

- Training model output Multidimensional 
Scaling (Scatter Plot) 

Filter, Hover 

4) Test model details:  

- Testing accuracy Number Chart  

- Testing loss Number Chart  

- Testing time Number Chart  

- Actual vs test model output  Multidimensional 
Scaling (Scatter Plot) 

Filter, Hover 

5) Prediction output of new 
dataset 

Table  

6) Model parameters Table  

7) Network architecture  Relationship Diagram Filter, linking 
and brushing 

8) Model improvement tips List  

Figure 2 High-Fidelity Prototype 1) Model Parameter and Architecture 2) Model Testing 3) Model Prediction 



 
 

the number of the selected models. The text will change 
following the eight golden rules on designing: informative 
feedback [24]. The text will update depending on how many 
models have been selected. The compare button turned into 
clickable when the minimum models to compare have been 
selected.  

The comparison metrics are presented in a table, following 
the taxonomy of comparison visualization: juxtaposition, 
which shows different objects separately but places them 
next to each other [25]. The comparisons will be easier to see 
when the items are close to one another [26].  The user can 
download the model or evaluate the chosen model from the 
model’s comparison.  
 
The third is training model details. The metrics presented in 
the model are accuracy, loss, and training time, which were 
chosen because of the type of dataset. Both accuracy and loss 
are presented using line charts to see the model performance 
per epoch (the number passes of the entire training dataset 
has completed). In the training process, the dataset is divided 
into training and validation datasets. Validation is used to 
avoid unbiased evaluation when the model is overfitting. The 
training and validation values are plotted together in one 
graph to compare both results easily. In order to distinguish 
between validation and training results for all metrics, the 
color-coded is kept consistent. Consistency color follows the 
striving for consistency concept, one of eight golden rules in 
designing [24].  Consistent color is also implementing the 
design principle of data visualization that aims to deliver the 
key values to the reader without giving extra work for their 
working memory [27]. The interactions with the training 
metrics are including filter and hover. Since this research 
used the tabular of a high dimensional dataset for the 
classification problem, the output is presented using the 
scatter plot. This high-dimensional dataset is transformed 
into two-dimensional data using a dimensional reduction tool 
in machine learning named principal component analysis. 
Each transformed sample is plotted into the node. The node 
color represented the label given to the sample. Each class is 
separated with different colors to make it readable to 
differentiate between one class to another. Hover and filter 
are used to get the node details and show specific information.  
 
The fourth is the testing model result. In the beginning, the 
user has already decided on the percentage of the dataset for 
training and testing. The platform will present the test 
metrics of the chosen model and the output. Since the model 
is tested one, therefore, the metrics are presented using a one-
dimension information chart. To visualize how well the 
model, the actual and testing output samples are plotted 
together in the same graph. In order to differentiate both 

groups of samples, a different shape is chosen. Meanwhile, to 
differentiate the class, color-coded that affords accessibility 
is chosen. Near the graph, the summary of the total samples 
is presented to help the user read the visualization graph 
easily. Hover is used to getting the node details and filter to 
show certain classes. 
 
The fifth visualization is generated prediction. To generate 
the prediction, the user must input an unlabeled dataset with 
the same format and structure as the input dataset to 
generate the model. In order to avoid the mistake, the user is 
given a template to upload the dataset. The result presented 
in a tabular format is also downloadable. The prediction 
column is highlighted with different colors so that the user 
can read the prediction easily.  
The sixth visualization is the model parameters. The model’s 
parameter presents the information that builds the model, 
such as output type (classification or regression), network 
type, network architecture, batch size, optimizer, and epoch. 
The model parameters are referred to as the Keras API [28]. 
 
The seventh is the model architecture. The network 
architecture shows the diagram relationship of each node on 
the network layer. The user can see the weight that connects 
each layer. Clicking the network layer box will change the 
training output into the layer output.  
 
The eighth is the model improvement tips. Improvement tips 
are the list of recommended actions to guide the user to 
improve an existing model. Since the recommendation 
actions are the general rule instead of sequence steps, the list 
of actions is presented with the bullet points. 

4.3 Evaluation Result 
All participants can finish the task within the given time; 
therefore, the completion rate is 100%. Both design 
prototypes were consistently acquiring SUS scores at range 
70-80, which is classified as a good prototype based on 
Kortum [21]. 

4.3.1 Quantitative Result 
The SUS score for the first and second design is presented in 
Table 3. The odd number is showing a positive statement on 
the survey questions while the even number is showing the 
negative statement.  The user feedback is given the color-
coded. The green color indicates positive feedback, the white 
color indicates neutral feedback, and the red color indicates 
the negative feedback. To measure the SUS score, we subtract 
one from the score of each odd question, and for each even  
question, we subtract the score from five. The total score is 
multiplied by 2.5. 
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Table 3 System Usability Scale (SUS) Score

The result shows that the SUS score for the second prototype 
(79.5) is slightly increased compared to the first prototype 
(73). The completion rate for all the participants is 100%. All 
participants could complete all actionable tasks within a limit 
of seven minutes. 

4.3.2 Qualitative Result 
Overall, participants felt confident with the features covered 
with the straightforward user flow. The users said that the 
prototype covered the necessary functionalities that they 
expected to have. They also confident with the metrics and 
understand the representation. The prototype got positive 
feedback from the participants, such as “The application is 
easy to use.” “The prototype is pretty intuitive.” “The 
prototype is quite bold and clear.” “I learn something new 
from the prototype.” “It has quite simpler UI make it easy to 
use.”. 

Comparing the models 
Advanced users were presented with the list of the overview 
top models. The users thought that the top model list is 
important and liked it when they can see the sorted top model 
list. ‘I don’t have to care to rank them”. However, one 
advanced user wanted to have control in deciding which 
metrics to rank the models. The participants could find the 
checkbox button to compare several models simultaneously. 

Downloading the model to computer 
To pick the model, the advanced did not only rely on the 
metrics used to sort the model but also considering all aspects. 
Therefore, comparing several models together helped them 
to pick the desired model. When performing the 
downloading task, the advanced recognized the download 
button on the comparison table quickly as it is prominent. 

They said that the feature is essential for them to generate 
the model for other purposes. The user said it was convenient  
when finding the download model on the comparison table, 
training, or testing.   

Training result observation  
Since the metrics value change might not be significant, the 
one user in the first iteration suggested the y-axis on plotting 
the graph should be started from min to max value instead of 
plotting from 0 to the max value. All participants liked to put 
the training and validation results together in one graph. 
However, only advanced users really paid attention to the 
relationship between validation and training to analyze 
whether the model is overfitting or not. The hover and filter 
function added to the graph has helped the user to read data 
while not overwhelming them with too much information. 
The users also said that they could easily differentiate the 
validation and training for all metrics with the consistent 
color-coded choice and the use of a filter. In the first 
prototype, the color choice used for plotting the graphs is not 
considered. One user suggested changing the color to support 
a blind color group. All the novice users always questioned 
about the term ‘principal component analysis’ for plotting the 
output. They did not know how the high-dimensional dataset 
can be plotted into a two-dimensional graph. 

Testing result observation 
In the first design, both actual and prediction test samples on 
the graph were plotted with the same shape (circle) but with 
different color transparency. Three users said that it was 
difficult to differentiate those samples. In the second iteration, 
all users successfully differentiated both samples after using 
different shapes (circle and triangle). The users expected to 
see the actual and test sample relationship in the visualization 
graph without hovering in the testing output. Therefore, from 

No Survey Questions 
First Iteration Second Iteration 

P1 P2 P3 P4 P5 Mean SUS P6 P7 P8 P9 P10 Mean SUS 

1 I think that I would like to use this system frequently 4 4 5 3 3 3.8 2.8 4 4 4 3 4 3.8 2.8 

3 I thought the system was easy to use. 5 4 5 3 4 4.2 3.2 4 5 4 5 4 4.4 3.4 

5 I found the various functions in this system were well integrated. 3 4 4 5 4 4 3 5 4 3 5 4 4.2 3.2 

7 I would imagine that most people would learn to use this system very 
quickly. 

4 5 4 4 4 4.2 3.2 5 4 3 3 4 3.8 2.8 

9 I felt very confident using the system. 4 5 4 4 4 4.2 3.2 4 4 4 4 4 4 3 

2 I found the system unnecessarily complex. 2 3 3 4 4 3.2 1.8 1 1 2 2 1 1.4 3.6 

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

1 2 3 3 1 2 3 1 1 2 1 2 1.4 3.6 

6 I thought there was too much inconsistency in this system. 1 2 2 2 2 1.8 3.2 1 3 2 2 1 1.8 3.2 

8 I found the system very cumbersome to use. 1 2 2 3 2 2 3 1 1 2 2 1 1.4 3.6 

10 I needed to learn a lot of things before I could get going with this system. 2 2 2 2 3 2.2 2.8 2 3 2 3 2 2.4 2.6 



 
 

the visualization graph, the user can see whether the actual 
and test result samples are close enough. In the first design, 
the quantitative summary near the graph is not available, 
which the user found challenging to read a complex graph. 
By giving the quantitative summary in the second iteration, 
the user can skim the important quantitative metrics.   

Re-training a model  
All participants can find a potential model for improvement 
from the model overview by doing re-training. However, 
they wanted to modify the hyperparameter settings from the 
output and updated the output automatically. Three 
participants suggested the improvement tips are linked to the 
scientific journal to make it trustable. 

Generate prediction 
One user asked about what if they did not have a new dataset 
yet, with a case of forecast dataset. The users also expected 
to have a summary near to the table result, which they said 
will be helpful before downloading the prediction. 

5 DISCUSSIONS  

5.1 Result Discussions 

Two quantitative results gathered from the prototype 
evaluation are the SUS score and the completion rate. In 
Table 3, the SUS score for the first and second design 
iteration is 73 and 79.5, respectively. Both scores are 
categorized as a good prototype based on Kortum criteria 
[21]. Both values indicate that the design has a consistent 
usability score even though it was tested to different users 
with different knowledge. The 100% completion rate in user 
testing indicated that the participants were able to complete 
the task with the prototype. All participants were able to 
perform the task within the given period.  

However, these quantitative measurements do not give any 
valuable information on the user’s personal comment about 
the prototype. Overall, the prototype has helped the user in 
addressing the challenge in deep learning. As the design 
follows the Shneiderman rule in visualization information 
that starts with an overview first, filter, and detail on 
demand, it helps the user find the information effectively and 
efficiently. 

The qualitative result in 4.3.2 is grouped into five qualities 
that can be considered in designing the output of automated 
deep learning platform: 

5.1.1 Defining and Designing Necessary Functionalities 
As model recommendation provides the list of top models, it 
is efficient to choose the model. Providing the model 
overview helped the user to decide which model to use. With 
list models, the user can switch between models while 
observing the different results, following Sacha’s suggestion 
to design the interactivity with the model [8].  
 
In defining the model metrics, it is essential to look for the 
type of data. As the current dataset is using a balanced 
dataset, the metrics chosen accuracy, loss, and time are 
considered enough to make a decision. However, if the 
dataset is imbalanced, the other necessary metrics should be 
added. Therefore, the chosen metrics depend on the dataset 
itself.  
 
In comparing the models, the filter usage helps the user find 
which model to choose. Because the model overview provides 
the checkbox button, the user recognized the functionality 
quickly. That is why they thought that the model comparison 
is easy to do. The models are compared in one table side-by-
side, which makes the user feel it is easy to decide which 
model to use. It is aligned with the research said that the 
comparisons would be easier to see when the items are close 
to one another [26].  
 
The prototype is applying ‘extract concept’ where the user 
can save the desired information [11], which user thought is 
necessary to have in prototype to use the generated model for 
other purposes. 

5.1.2 The Importance of Customization 
In developing the prototype, the mode setting allows 
customization for both users. For example, novice users do 
not need to compare several models since they wanted 
automation. Meanwhile, advanced users wanted to have the 
power to select and compare several models. It is aligned with 
one of the research findings that less skilled people are more 
likely to rely on automation compared to high skill people, 
which are usually cautious [29]  and want to have the power 
of control. The usability testing results showed that both user 
groups were happy with the customization. Therefore, the 
design should accommodate the customization depends on 
the user’s needs.  

5.1.3 Designing Information Visualization  
Since it is applying the overview of Seeking Mantra from 
Shneiderman, the user can read the vital value first and will 
check the detail on the graph later. In the visualization graph 
axis, the feedback regarding how to define the value of the y-
axis is an interesting insight. Since the human eyes cannot 



 
 

look at a small change, setting the y-axis range from min to 
max value helped the participant differentiate the value 
difference without too much click.  
 
In the model evaluation, the training and validation metrics 
are plotted together to help the user to recognize the 
overfitting. Therefore, the accuracy is low. Understanding 
whether the model is overfitting or not, plotting the loss of 
training in the same graph will help the user recognize the 
overfitting. When overfitting, the plot of training loss 
decreased over the experience (iteration), and the plot of 
validation loss decreased to a certain point and then 
increased again. When observing the training result, only the 
advanced users paid attention to the loss graph to observe the 
overfitting. Choosing the consistent color for both values and 
applying it to all metrics in the prototype helped the user to 
recognize what the color represents when reading other 
metrics. However, it is needed to select the color that affords 
the accessibility for all people, including the color-blinded 
group. Therefore, the information to visualize important 
information should avoid these colors to afford a large user 
group.  
 
When visualizing and comparing the data in one graph, it is 
essential to consider the color and shape. In the first iteration, 
the user found it difficult to analyze the data when the 
prototype uses the shape with similar color because of the 
user’s brain limitation, which cannot distinguish the object if 
its color is too similar [30]. Using different shapes with 
similar colors can categorize the object effectively rather than 
using the same shape with a similar color. 
 
In order to visualize the data relationship of actual and its 
sample prediction, it is needed ‘a link’ to connect the samples, 
which the latest prototype has not addressed yet. Plotting a 
large dataset on one graph can be overwhelming to read 
because of potentially overlapping. However, to know how 
close the actual sample and its prediction should be 
accomplished to understand how accurate the chosen model 
is. One of the alternatives to link the samples together is by 
providing the highlight feature. When the user hovers over 
the actual sample, the prediction sample is highlighted. 
Another alternative is providing the line connecting the 
samples, which implements the explicit encoding of 
comparison visualization theory combined with the 
contextual [25].  
 
Even though visualization is good, not everyone feels 
comfortable reading the graph. Some of them prefer a 
summary of what is in the chart that can be read in tabular 

format, which aligns with the research in Making Sense of 
Complex Data Using Interactive Data Visualization, which 
said the tabular format could help the user to understand the 
visualization better [26].    

5.1.4 User Interaction with data 
The prototype enables the user to interact with the data to 
make them feel control [31]. The interactions in the 
prototypes have helped the user perform the given tasks 
quickly as it follows the details-on-demand concept of 
Shneiderman Seeking Mantra. Interesting feedback is the 
need to manipulate the hyperparameter input. Direct 
manipulation has gained the user confidence in using the 
system since the user became the action creator and had 
control toward the system [32]. As human nature wants to 
learn how the specific change in the input can affect the 
output, the usability testing users also wanted to manipulate 
the input directly and see the effect. However, as it is out of 
the degree project’s scope, the direct interaction with the 
input becomes the limitation of the prototype, which can be 
an opportunity for further study. As a current alternative, the 
design provides the ‘re-train button’ feature that will 
navigate the user to the input part while storing the current 
model performance. Providing the retrain feature also 
supports Shneiderman’s ‘history’ concept, where the user is 
given a chance to refinement.   

5.1.5 Trustworthiness of Recommended Actions for 
Parameter Tuning 

As an automation platform, it is not easy to let the user trust 
the system. If the suggested model has an excellent 
performance, the problem is solved. The problem appears 
when the performance is below the expectation. Many 
aspects can contribute to model performance, such as 
imbalanced datasets or poorly chosen settings. For an 
imbalanced dataset, generating suitable metrics customized 
with a dataset can help address the issue (discussed on 5.1.1). 
For poorly chosen settings, the platform should accommodate 
the user with the retrain feature. Users expected to have a list 
of reliable suggestions of what should be readjusted from the 
current settings. Providing recommended actions will help 
guide the user in improving the model [8]. Which parameter 
to change will depend on the current configuration and 
dataset. One parameter can produce a positive or negative 
impact. In order to address the issue, the suggestion provides 
the rule of thumb based on the best practice instead of 
specific instruction. Because of the developers usually read 
several scientific journals of proven concepts before choosing 
the selected model configuration, adding the scientific 
evidence will be helpful. It is aligned with the transparency 



 
 

concept, which let the user know why the system suggested 
specific actions. 

5.2 Method Critique 

To understand the prototype better, the user needs to interact 
with the input. In the usability testing trial of two people in 
Bitynamics AB, the test participants spent too much time 
exploring the input that has many possible scenarios. 
Consequently, when reaching the output part, they did not 
give much feedback. They were probably exhausted with too 
many options. As the input part is also out of the thesis scope, 
the participants were given a specific dataset with one 
predetermined algorithm configuration (advanced or basic) 
to evaluate the project. It will be interesting to see how the 
current prototype implements other problems and datasets. 

Evaluating the proposed solution with the interactive 
prototype instead of a full working website has limited user 
exploration to interact with the prototype. In the existing 
prototype, the output used a dummy data following the 
structure of the tabular MNIST dataset [33] instead of the 
actual as it is challenging to plot dataset with design. The 
high-fidelity prototype is used for evaluation instead of a full 
working website because of a dependency on the deep 
learning algorithm developed by another student. The result 
of how users understand the output of high-dimensional data 
might be different if testing with the real website connected 
with the deep learning backend.  

Even though the information visualization used in this 
platform has helped the participants complete the task, it is 
essential to understand who the user, as mentioned in Sacha 
frameworks [8].  The advanced users also wanted to have the 
tabular summary near to the graph when they cannot 
understand the visualization. Besides, the visualization of a 
high dimensional dataset into a two-dimensional graph is 
challenging for the novice user. The novice users do not find 
that the plotting is intuitive, as they did not understand the 
concept of dimensional reduction. It will be an opportunity 
to study how information visualization could afford novice 
user understandability toward dimensional reduction. 

6 FUTURE WORKS 

The first potential future research is investigating whether 
the current visualization can be applied to other input types 
of different problem sets. As the current work carried here is 
specific using tabular input for classification for a balanced 

dataset, it will be interesting to see what adjustments are 
needed from the current solution.  

The second is designing the sample’s relationship in a multi-
dimensional dataset. It will be interesting to see how the 
visualization can help the user to see the sample correlation 
in the case of the dataset is overlapping.  

The third opportunity is implementing direct manipulation 
of the hyperparameter input. As the interaction with input is 
out of the current thesis scope, combining input and output 
will be an opportunity for further study. 

7 CONCLUSIONS  

The SUS score and completion rate indicated that the 
prototype has a good usability prototype. Designing the 
prototype which accommodates the interactive information 
visualization has helped the user in understanding the output 
of deep learning. The qualitative result from the usability 
testing and interview has been grouped into five labels: 
defining and designing the necessary functionalities, the 
importance of customization, designing the information 
visualization, user interaction, and trustworthiness of 
recommended actions for parameter tuning, based on user 
feedback during the usability testing and interview. These 
five label results should be considered in designing the output 
automated deep learning platform.  
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