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Abstract

Uncertainty Quantification (UQ) helps build trustworthy and interpretable neural networks.
Most prior work uses synthetic or out-of-distribution data, which fails to reflect real-world chal-
lenges. In an attempt to bridge this gap, this thesis proposes a novel human-generated dataset
of handwritten digits to analyze the effects of different UQ methods on user perception of model
confidence and trust.

A web-based platform was built for users to view model predictions, assess confidence scores,
and give Likert-scale feedback. We compared three different models: a simple convolutional neural
network (CNN) with softmax for confidence estimation, a Monte Carlo Dropout model, and a
Deep Ensemble model. Each model was compared in terms of accuracy, confidence calibration,
and their effects on user trust.

The results show that even though the three models were equally accurate, the baseline model
had a much higher level of confidence—usually bordering on overconfidence—when compared
with the UQ models. Bayesian analysis also supported the fact that the baseline model was
poorly calibrated, with strong evidence of being overconfident. User feedback on Likert-scale
prompts did not show statistically significant differences, though the patterns indicated that the
users perceived the confidence of the baseline model as being more extreme.

This work provides a dataset, process, and findings that support future studies of human-

centered Al in real-world tasks.

1 Introduction

Machine learning (ML) models, especially neural
networks (NNs), have made various applications,
from autonomous vehicles to disease diagnosis, a
reality. However, despite their capabilities, these
models are often difficult for non-experts to under-
stand and trust. One of the primary challenges is
that NNs do not always get everything right, and
although performance keeps improving, perfect ac-
curacy remains an unrealistic goal. Researchers are
looking to Uncertainty Quantification (UQ) meth-
ods to bridge the gap. Such methods enable models
to convey to users their belief in predictions and of-
fer an additional layer of information to form trust
in Al systems.

1.1 Types of Uncertainty

To better tackle the issue of ML interpretability
and trust, UQ techniques distinguish between two
categories of uncertainty: epistemic and aleatoric.
Both categories represent two different sources of
uncertainty within ML systems and must be han-
dled differently.

“Aleatoric uncertainty captures noise inherent in
the observations. This could be, for example, sen-
sor noise or motion noise, resulting in uncertainty
which cannot be reduced even if more data were to
be collected.” (Kendall & Gal, 2017)

Aleatoric uncertainty—also called data uncer-
tainty—is not eliminable and arises from random-
ness in the input data. It can be caused by factors
such as faulty sensors, blurry images, or ambiguous
class labels. No additional data can eliminate such



uncertainty as it reflects randomness or noise in the
observation process.

“Epistemic uncertainty accounts for uncertainty
in the model parameters — uncertainty which cap-
tures our ignorance about which model generated
our collected data. This uncertainty can be ex-
plained away given enough data, and is often re-
ferred to as model uncertainty.” (Kendall & Gal,
2017)

Epistemic uncertainty arises from not knowing
the data-generating process. It represents uncer-
tainty in the model’s predictions and parameters,
especially in regions of the input space where the
model was poorly trained. It is a form of reducible
uncertainty and can be mitigated by getting more
data, improving model architecture, or improving
training methods. For example, suppose a neural
network sees input data that is very different from
its training data. In that case, the epistemic uncer-
tainty will typically be higher, indicating less con-
fidence in the model’s predictions.

It is important to recognize and differentiate be-
tween these two kinds of uncertainty in order to
construct ML systems that not only work well
but are also interpretable. Accurate communication
of model uncertainty in high-stakes fields like au-
tonomous vehicles and medicine, where errors can
be disastrous, enables users to make informed de-
cisions and have faith in Al systems.

1.2 Limitations
proaches

of Existing Ap-

Despite the progress made in UQ), significant lim-
itations remain in how these methods are evalu-
ated. A common practice in the literature is in-
troducing epistemic uncertainty using artificial sce-
narios, such as out-of-distribution (OOD) datasets
that differ substantially from the original. For ex-
ample, many studies evaluate models trained on
MNIST—a dataset of 70,000 grayscale images of
handwritten digits (0-9)— (LeCun et al., 1998) by
testing them on Fashion-MNIST, which contains
70,000 grayscale images of clothing items like shirts,
shoes, and dresses (Xiao et al., 2017). While these
techniques offer valuable insights, they fail to cap-
ture the complexity of uncertainty encountered in
real-world applications. As a result, the uncertain-
ties generated in these artificial setups often do not
align with naturally occurring ones, limiting the

generalizability and robustness of the conclusions.
This highlights the need for evaluation methods
and datasets that more closely reflect the uncer-
tainty in real-world scenarios (Guth et al., 2024;
Gawlikowski et al., 2023).
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Figure 1.1: Examples of synthetic datasets used
for UQ.

(b) Drawing of digit 5
by a participant

(a) Drawing of digit 0
by a participant

Figure 1.2: Examples from dataset created for
this thesis.

1.3 User Feedback and a Realistic
Dataset

Apart from measuring performance through quan-
titative means, this thesis also analyzes how users
perceive and react to uncertainty in predictions
from models. To quantify this, we receive partic-
ipant feedback through Likert-scale questions. Al-
lowing us to analyze how different modes of visual-
ization of uncertainty affect user trust, confidence,
and interpretability. It is important to know how
people respond to uncertainty when developing ML
systems that are not only accurate but also trans-
parent and trustworthy from the user’s perspective.



This thesis introduces a novel dataset of hand-
written digits directly obtained from human users.
In comparison to artificial OOD benchmarks, this
dataset naturally contains epistemic uncertainty
through the variability of writing style, clarity, and
quality—attributes that better reflect the variabil-
ity and unpredictability of real-world user input.
These user samples present a realistic challenge to
machine learning models, particularly in parts of
the input space not properly represented during
training.

1.4 Research Question and Contri-
butions

This thesis investigates the following research ques-
tion:

Does visualizing epistemic uncertainty in
machine learning models affect user per-
ception of predictions in a handwritten
digit classification task?

To answer this, we make the following contribu-
tions:

e Develop a web application to collect a realistic,
human-generated dataset by allowing partici-
pants to draw handwritten digits.

e Implement and compare three uncertainty
quantification methods: a base CNN with soft-
max confidence, Monte Carlo Dropout (MC
Dropout), and Deep Ensembles.

e Evaluate user perception of uncertainty using
subjective feedback gathered through Likert-
scale questions.

e Analyze the relationship between quantitative
metrics (e.g., accuracy, Calibration Error) and
user-reported trust levels.

2 Related Work

This section outlines the key developments in Un-
certainty Quantification (UQ) and related con-
cepts, providing context for this thesis’s contribu-
tions.

2.1 Uncertainty Quantification in

Neural Networks

Firstly, the distinction between epistemic uncer-
tainty (caused by limited knowledge, reducible with
more data) and aleatoric uncertainty (caused by
inherent data noise and irreducible) was clearly
defined thanks to the paper by Kendall & Gal
(2017). Additionally, the paper by Valdenegro-Toro
& Mori (2022) provided further insight into disen-
tangling these two types of uncertainty. Bayesian
neural networks (BNNs) were proposed to better
measure and interpret both types of uncertainty,
but they were initially too computationally expen-
sive for deep learning tasks. This changed when
methods like Monte Carlo Dropout made scalable
Bayesian approximations feasible for larger neural
networks. Gal & Ghahramani (2016) introduced
MC Dropout, which uses stochastic dropout at
inference to estimate epistemic uncertainty and
requires multiple forward passes—hence the high
computational cost. Gal & Ghahramani (2016)
tested MC Dropout’s uncertainty estimates us-
ing the MNIST dataset (LeCun et al., 1998).
Later, Lakshminarayanan et al. (2017) introduced
Deep Ensembles, a method that involves training
multiple independent models to capture diverse
representations. This strategy often outperforms
MC Dropout, particularly for out-of-distribution
(OOD) detection, though at the cost of even greater
computational expense, which can limit their use in
real-time applications.

2.2 Real-World Applications

UQ is increasingly used in real-world AI applica-
tions, particularly in high-stakes domains. Filos et
al. (2019) demonstrates that UQ can improve trust
in Al-driven medical diagnostics. Some challenges
remain not fully solved. Gustafsson et al. (2020)
analyzed MC Dropout’s performance under distri-
bution shifts and revealed its weaknesses in de-
tecting out-of-distribution data, particularly when
models trained on synthetic datasets like Virtual
KITTT and Synscapes were evaluated on real-world
datasets such as KITTT and Cityscapes. Guth et al.
(2024) highlighted gaps in OOD benchmarks, em-
phasizing the need for datasets reflecting naturally
occurring diversity. Many studies rely on synthetic
OOD scenarios, for example, training on MNIST



and testing on various variations of MNIST like
Fashion-MNIST (Xiao et al., 2017), Dirty-MNIST
(Mukhoti et al., 2021a), or Ambiguous-MNIST
(Mukhoti et al., 2021b). While this can be very
informative, it does not fully replicate real-world
uncertainty that emerges naturally from user in-
put variations. This shortcoming of synthetic OOD
testing motivates the evaluation of UQ methods
on datasets gathered in realistic conditions, where
uncertainty emerges naturally from user variation.
As Gawlikowski et al. (2023) argued, AI with UQ
should be tested on realistic human interactions
and datasets.

Dirty-MNIST (iD)

MNIST Ambiguous-MNIST
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Figure 2.1: Dirty and Ambiguous MNIST.
(Mukhoti et al., 2021b)

2.3 The Role of Uncertainty Vi-
sualization in Trust and Inter-
pretability

Researchers have developed effective techniques for
UQ, but communicating the resulting uncertainty
is equally important. Accurate quantification with-
out clear communication can lead to outcomes as
ineffective as poor quantification itself. To this
point, Kendall & Gal (2017) introduced uncertainty
visualization techniques like confidence bars and
heatmaps. Other works highlighted the need for
suitable indicators of uncertainty to foster users’
trust. In one case, Filos et al. (2019) employed
predictive entropy with MC Dropout as an uncer-
tainty indicator alerting human reviewers to uncer-
tain examples in screening for diabetic retinopa-
thy. Their system referred images with increased
uncertainty to human reviewers, and they found
this type of threshold-based indicator increased di-
agnostic accuracy and matched instances when the
model would be incorrect — providing confidence
in Al-informed decisions. Their work highlights the
importance of evaluating not only how well models
quantify uncertainty but also how effectively this
information is conveyed to users.

2.4 Real-World Uncertainty in
Handwritten Digit Recognition

Most UQ research evaluates methods on controlled
benchmarks which may not always generalize to
real-world settings. Guth et al. (2024) called for
more diverse datasets that naturally introduce
epistemic uncertainty.

This thesis addresses this gap by:

e Introducing a human-generated dataset for
handwritten digit classification.

e Evaluating UQ methods in a realistic user-
driven setting rather than artificial OOD
benchmarks.

e Incorporating user feedback to examine how
uncertainty affects trust and interpretability.

By focusing on human-generated uncertainty,
this thesis aims to enhance the transparency, in-
terpretability, and trustworthiness of Al systems in
real-world scenarios.

3 Methods

As discussed in Section 2, a clear lack of real-world
data used to compare UQ in various models ex-
ists (Guth et al., 2024). This work addresses this
gap by developing a dataset of handwritten digits
that naturally exhibit epistemic uncertainty rather
than relying on artificially induced variations such
as added noise. Participants used a digital canvas
to draw the digits by hand on a tablet, attempting
to emulate their handwritten digits on paper. This
can be seen in Figure 3.1.

The drawings were then preprocessed, which
involved placing the drawn digit on a black
background and making it white, converting to
grayscale, resizing the image to 28x28 pixels, ap-
plying thresholding so pixels are either entirely
white or black, and lastly, normalizing pixel values
to the range [0, 1]. The preprocess_image() method
outputs the image as a NumPy array for the mod-
els to take as input and a PIL image, to be shown
later as a reference. A simple and minimal prepro-
cessing pipeline ensured that the dataset created
from this experiment maintained the handwritten
digits as close to how they were drawn, without



Handwritten Digit Recognition with Uncertainty Visualization
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Figure 3.1: Web App Canvas.

any rotations, centering, or additional resizing. The
pseudocode for this method can be seen below in
Listing 1.

Listing 1: Pseudocode for Image Preprocessing
preprocess_image (img) :
Create a white background
Composite image onto background
Convert image to grayscale
Invert image so the digit appears
white on black
Resize image to (28x28)
Convert image to a NumPy array
Apply thresholding:
- Pixels > 20 — 255 (white)
- Pixels < 20 — 0 (black)
Normalize pixels to range [0,1]
Return processed image array and
resized image

3.1 Participants and Data Collection

For this research, participants were selected with no
specific criteria. People around various buildings of
the Zernike Campus (Groningen, NL) were asked
to participate if they wanted to. Everybody’s data
was used with no omissions. Each participant was
allowed two practice runs of the experiment to fa-
miliarize themselves with the interface. We allowed
them to ask questions while we observed and pro-
vided feedback. Next, they were told to draw each
digit once for a total of 10 digits per participant.
There was no support during this part of the exper-
iment, as we wanted their drawings to be as genuine

as possible without any outside influence.

Twenty participants participated in this exper-
iment, resulting in a final dataset of 200 draw-
ings (each digit 20 times). Preprocessing was mini-
mal, ensuring no modifications to the drawing were
made. The models only used this data to provide
the output, which was used during the experiment
without using it for training or anything else.

Figure 3.2 shows an example of a digit drawn by
a participant.

Figure 3.2: Drawing of Digit 4 by Participant 1.

3.2 Model Architectures and Train-
ing

For this experiment, three models were trained: a
base CNN, a MC Dropout CNN, and a Deep En-
semble of five CNNs (each identical to the base
CNN). The architectures shown in Figure 3.3 and
Figure 3.4 show how each was structured.

The Base Model contains three
convolution/max-pooling  blocks followed by
one fully connected layer of 64 neurons and one
dense layer of size 10, corresponding to the softmax
output of 10 classes. Early Stopping was utilized
on the validation set to control overfitting. The
overall model has approximately 280k parameters,
of which approximately 93k are trainable.

Next, the baseline architecture was extended to
have dropout layers that remain active during in-
ference for the MC Dropout model. In addition to
the three conv/max-pooling blocks, dropout layers
were added after each pool and fully connected op-
eration. By making many stochastic forward passes
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Figure 3.3: Base Model & Deep Ensemble Mem-
ber
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Figure 3.4: MC Dropout

(e.g., 100), a mean prediction and an uncertainty
approximation are created (Gal & Ghahramani,
2016). The dropout additions do not change the
overall number of parameters of the model (still
approximately 280k), and Early Stopping was used
in the training of this model, too.

Lastly, we utilized a Deep Ensemble of CNNs
to further improve uncertainty estimation (Laksh-
minarayanan et al., 2017). Five separately initial-
ized instances of the base CNN architecture were
trained. Their estimated probabilities are averaged
out during test time, and confidence is gathered
from this, too. Though the process is more compu-
tationally expensive, it can yield better-calibrated
estimates than one network alone. A single member
of the Deep Ensemble’s architecture is identical to
that of the base CNN, as shown by Figure 3.3.

All models were implemented using Tensor-
Flow/Keras. Critical hyperparameters (e.g., learn-
ing rate, batch size, dropout levels, size of the en-
semble, optimizer parameters) are shown in Ta-
ble 3.1 for reference.

Table 3.2 summarizes the model’s final validation
and test performance (on standard MNIST).

3.3 Confidence Calculation

FEach model in this study computes a confidence
score for every class based on the probability distri-
bution output by its softmax layer. The confidence
for class i is defined as the probability assigned to
that class, expressed as a percentage. The final pre-
dicted class is determined as the one with the high-
est confidence.

3.3.1 Base CNN Confidence Calculation

The base CNN produces a single forward pass for
each input image, outputting a softmax probability
distribution:

pi = fo(w)

where p; represents the probability assigned to
class i for a given input x. The confidence for each
class is then computed as follows:

(3.1)

Confidence; = p; x 100 (3.2)
The final predicted class g is selected as:
§ = arg maxp; (3.3)

3.3.2 MC Dropout Confidence Calculation

MC Dropout models apply dropout during in-
ference, allowing for multiple stochastic forward
passes. Given T forward passes, each pass produces
a probability distribution pgt) for class i. The con-
fidence for each class is computed using the mean

softmax probability across all runs:

T
1 ®
Elpi] = 7 > _p; (3.4)
t=1
The confidence score for each class is then:
Confidence; = E[p;] x 100 (3.5)
The final predicted class is selected as:
g = argmax E[p;] (3.6)
K3



Table 3.1: Key Hyperparameters for Each Model.

Model Hyperparameter Value

All Learning Rate 0.001 (Adam default)
All Batch Size 64

All Early Stopping Patience 3

MC Dropout Dropout Rate 0.50

MC Dropout Number of Forward Passes 100

Deep Ensemble

Random Initializations

5 distinct seeds

Table 3.2: Summary of Key Training and Evaluation Results on MNIST.

Model Final Epoch Val Accuracy (Best) Test Loss Test Accuracy
Base CNN 12 99.12% 0.0267 99.21%
MC Dropout 13 99.13% 0.0280 99.09%
Ensemble (1-5) 82 98.97%® 0.0306°¢ 99.04%4

& Mean of the final epoch across the five Deep Ensemble members (range: 5-11).
b Mean of the best validation accuracy (range: 98.82-99.10%).

¢ Mean test loss (range: 0.0280-0.0325).
d Mean test accuracy (range: 98.98-99.09%).

3.3.3 Deep Ensemble Confidence Calcula-
tion

Deep Ensembles combine predictions from N inde-
pendently trained models. Each model produces a
probability distribution pz(-n) for class i, and the fi-
nal confidence for each class is based on the mean

softmax probability across all Ensemble members:

N
E[p:] = % 3 p (3.7)
n=1
The confidence score for each class is then:
Confidence; = E[p;] x 100 (3.8)
The final predicted class is selected as:
§ = argmax E[p;] (3.9)

3.4 User Feedback Analysis

A web app was developed to create a dataset of
handwritten digits and collect user perception data.
The development of the app was done in Python
with the use of Gradio (Abid et al., 2019) for the

front-end user interface. The app was designed to
allow me, the researcher, some customization before
passing the tablet to the participants. Tablets al-
lowed participants to draw digits that most closely
resembled their handwritten digits on paper. On
the tablet, the first page for the participant was
simple, minimizing distractions. Participants were
given instructions on which digit to draw, a way
to measure their progress through the experiment,
and a large canvas on which to draw their digit. A
screenshot of this page can be seen in Figure B.2
in Appendix B with two examples of what the can-
vas looked like with digits drawn in Figure B.3 and
Figure B.4.

Once a digit was drawn, participants submitted
their drawing, and this is when, in the background,
all the preprocessing was done, and the randomly
selected model processed the drawn digit. Partici-
pants were then shown the results page, which in-
cluded their drawn digit for reference, the model’s
top prediction with confidence as a percentage, and
a bar plot showing the confidence percentages for
all ten digits. An example of this can be seen in
Figure B.5 in Appendix B. Below this, participants
were asked five questions with possible answers:



Strongly disagree, Disagree, Neutral, Agree, Strongly
agree, and Can’t answer for edge cases. A screen-
shot of this page can be seen in Figure B.6 in Ap-
pendix B. The five questions are explained below:

1. Is the top prediction appropriate?

This question asked if the model’s top pre-
diction (labeled on the bar plot in a different
color) was appropriate. It aimed to measure
whether the user agreed with the top predic-
tion, especially when incorrect since the model
predicting a 7 instead of a 1 makes more sense
than predicting an 8 instead of a 1.

2. Is the top prediction’s confidence appro-
priate?
This question asked if the confidence value at-
tributed to the top prediction made sense, aim-
ing to measure user confidence in the model’s
prediction.

3. Are the alternative predictions appro-
priate?
This question asked if all other predictions (all
but the top) felt appropriate. For example, the
model correctly predicting a 1, but having 7 be
the next most confident guess should be seen
as more appropriate than the next guess being
a 0.

4. Are the alternative predictions’ confi-
dences appropriate?
Same idea as question 2 but refers to the al-
ternative predictions instead of the top one.

5. In relation to how clear the drawing is,
is the prediction too confident?
This question aimed to measure how appropri-
ate the model’s confidence felt to the partici-
pants relative to their satisfaction with their
drawing.

This app contributed to this research by provid-
ing a dataset of handwritten digits and a measure
of user perception on a number of outputs from the
various models. The results section will analyze this
user perception to gather any possible conclusions
regarding the differences between the three models.

3.5 Ethical Considerations

Regarding data and ethics, participants were in-
formed that their digit drawings and questionnaire

responses would be collected anonymously for use
within this study. No identifiable data were col-
lected, and students could opt out whenever they
wanted. Two documents were provided to each par-
ticipant:

1. Consent Form:
A consent form for each participant to sign was
collected and stored. See Figure A.1 in Ap-
pendix A.

2. Participant Handout:
A handout containing an explanation of the
experiment and how the data will be used. It
contained contact information if participants
wanted to withdraw their data or ask further
questions. See Figure A.2 and Figure A.3 in
Appendix A.

4 Results

Before conducting any statistical testing, the first
step was determining the distribution of all the data
points used in this section for analysis. Table C.2
in Appendix C shows the results of these checks.

Furthermore, QQ plots and histograms were
generated to provide a more intuitive way to inter-
pret the various distributions. The following con-
clusions were gathered from the Shapiro-Wilk
tests and the various plots: confidence scores were
all non-normally distributed with a strong nega-
tive skew, especially in the Base Model. A sub-
stantial deviation from normality was also observed
for accuracy. The answers to the five questions in
the Likert scale also showed a non-normal distribu-
tion when ”Cannot answer” answers were ignored.
Lastly, the calibration error (difference between ac-
curacy and confidence) showed a deviation from
normality for the Base Model, weak evidence for
normality for MC Dropout, and a normal distribu-
tion for the Deep Ensemble. These were all treated
as non-normal for consistency and ease of compar-
ison during statistical analysis.

4.1 Accuracy Analysis

The mean accuracy (per participant) across the
three models was compared using a Friedman
test.



The test results showed no statistically signifi-
cant difference between the models, x?(2) = 0.125,
p = .939. Given this high p-value, no post-hoc tests
were conducted.

These results show that no significant difference
was found between the models’ accuracies, which
can be seen visually in Figure 4.1. The box plot
shows a wide range of values for each model, with
the only notable difference being a larger range for
the Base Model compared to the other two.

Mean Accuracy by Model (per Participant)

Accuracy (%)

Ensemble Model MC-Dropout

Model

Base Model

Figure 4.1: Distribution of mean accuracy for
each model.

4.2 Confidence Analysis

The mean confidence (per participant) across the
three models was also compared using a Friedman
test. The results revealed a statistically significant
difference, x?(2) = 8.000, p = .018.

Following this, post-hoc Wilcoxon signed-
rank tests with Bonferroni correction were
used to examine pairwise comparisons:

e Base Model vs Deep Ensemble:
Deorrected = 042

e Base Model vs MC-Dropout:
Pcorrected = .007

e Deep Ensemble vs MC-Dropout:
Pcorrected = 1.000

These results indicate that confidence in the Base
Model was significantly higher than in both the
Deep Ensemble and MC Dropout. At the same

time, no significant difference was found between
the Ensemble Model and MC dropout after correc-
tion.

We can confirm these findings visually by looking
at Figure 4.2. The Base Model had the highest con-
fidence, both in terms of higher median and tighter
range. On the other hand, confidence for the other
two models was lower and with higher variability.

Mean Confidence by Model (per Participant)

100 4

Confidence (%)

70 4

60 4

Base Model Ensemble Model

Model

MC-Dropout

Figure 4.2: Distribution of mean confidence for
each model.

4.3 User Feedback Analysis

The answers to the five questions were stored on a
Likert scale, and, as discussed before, the data de-
viates from normality. Therefore, a Friedman test
was conducted here, too. The results are below:

o Q1: \2(2) = 1.156, p = .561
e Q2: X*(2)
e Q3: x*(2)
(2)
(2)

1.583, p = .453

2.459, p = .292
e Q4: x%(2) =0.704, p = .703
e Q5: x?(2) = 5.365, p = .068

Although Q5 approached significance, it did not
meet the conventional threshold of p < .05, and
therefore no follow-up tests were performed.

The following bar plots (Figure 4.3) were con-
structed to analyze the answers to the five questions
visually. They show the frequency of each answer
for the base model compared to an average of the
MC Dropout and Deep Ensemble models.



Distribution of Q2 Responses by Model

06 Model Name
0 Base Model
= MC-Dropout + Ensemble (Avg)
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strongly agree Can't answer

o
Strongly disagree Disagree Neut

tral
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(a) Comparison of proportions of answers between
Base Model and average between MC Dropout and
Deep Ensemble for Q2.

Q2: Is the top prediction’s confidence appropriate?

Normalized Distribution of Q5 Responses by Model

0.40 Model Name
B Base Model
== MC-Dropout + Ensemble (Avg)

Disagree Neutral Agree

e strongly agree
Likert Scale Response

0
strongly disagree Can't answer

(b) Comparison of answers proportions between
Base Model and average between MC Dropout and
Deep Ensemble for Q5.

Q5: In relation to how clear the drawing is, is the
prediction too confident?

Figure 4.3: Normalized Likert response distributions for Q2 and Q5.

These figures also show ”Cannot answer”. How-
ever, this answer was excluded from the statistical
tests not to disrupt the statistical significance of
the test.

Notably, the bar plot for Q2 and Q5 shows the
base model over-performing over the other two
models in the Strongly disagree and Strongly agree
answer options while under-performing on the more
neutral answers. These bar plots show both the an-
swers from participants when the model predicted
correctly and when it predicted incorrectly. This
could be a sign of overconfidence from the base
model, which is interpreted as appropriate when
correct, as shown by the high number of Strongly
agree answers, and the overconfidence interpreted
as incorrect when the model was wrong, as shown
by the high number of Strongly disagree answers.
On the other hand, the MC Dropout model and
Deep Ensemble model still have a high number of
Strongly agree and Strongly disagree answers but
also more Disagree, Neutral, and Agree. This could
show that these models predict with more appro-
priate levels of confidence in the eyes of the partic-
ipants.

4.4 Calibration Error
Analysis

Frequentist

The difference between participants’ mean confi-
dence and actual accuracy was computed to mea-
sure the calibration error for the three models. This
provides insight into how well the confidences align
with the accuracy of the models.

For each model, a Wilcoxon signed-rank test
was conducted to test whether the difference be-
tween confidence and accuracy was significantly dif-
ferent from zero.

Table 4.1 shows the results of the tests.

These results show that the Base Model was the
most overconfident, though this difference was not
statistically significant. The difference for the Deep
Ensemble model was minor, and MC Dropout was
the most calibrated.

4.5 Calibration Error

Analysis

Bayesian

Since no statistically significant results were found
regarding calibration error using Frequentist statis-
tics, a Bayesian approach was also used to gather
more insight into the significance of these differ-
ences.
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Table 4.1: Summary of Wilcoxon signed-rank test results for calibration error per model.

Model n w D Median Accuracy Median Confidence Mean Difference
Base Model 20 58.0 .083 87.5 95.99 —15.66
Deep Ensemble Model 19  67.0 275 75.0 83.99 —4.92
MC Dropout 20 105.0 1.000 80.0 80.42 —0.55

Models were randomly picked for each trial hence the number of samples for Deep Ensemble Model being 19 instead of

20 (One participant never saw this model’s outputs)

Table 4.2: Bayesian one-sample t-test results for calibration error per model.

Model Posterior Mean 94% HDI? BF
Base Model —14.70 [—23.56, —6.10] 26.18
Deep Ensemble —4.82 [—13.66, 3.52] 0.39
MC Dropout ~0.43 [-7.33,6.59]  0.18

a Highest Density Interval (HDI).

A Bayesian one-sample t-test was used to esti-
mate the posterior of p, the average calibration er-
ror, and compute the Bayes Factor (BFjg) against
the null hypothesis that p = 0.

The results displayed in Table 4.2 show moder-
ate evidence in favor of a negative calibra-
tion error (overconfidence) in the Base Model, as
indicated by a Bayes Factor well above 10 and an
HDI that excludes zero. The evidence was incon-
clusive for the Deep Ensemble and MC-Dropout,
with HDIs that included zero and Bayes Factors
indicating support for the null.

The plots in Figure 4.4 show the calibration error
distributions. In the case of the Base Model, the
posterior is shifted from zero, while for the other
models, this is not the case.

5 Discussion

This thesis examined how different uncertainty
quantification (UQ) techniques affect user percep-
tion of model predictions in a handwritten digit
classification task, focusing on trust and the per-
ceived appropriateness of model confidence. The
dataset of handwritten digits we created was ideal
for this, as it allowed testing with real-world data
instead of the usual synthetic alternatives. The re-
sults show interaction with realistic uncertainties
for the participants, as will be explored below.

5.1 Accuracy

Predicting handwritten digits is quite simple for
modern model structures, like the one employed
in the base model and, in turn, the other two.
When tested on the MNIST dataset, all three mod-
els had test accuracies over 99% (see Table 3.2).
This explains why no statistically significant dif-
ference was found when comparing the accuracies
of the three models during this experiment. The
Base, MC Dropout, and Deep Ensemble Models
had accuracies of 76.25%, 79.08%, and 76.65%, re-
spectively, when observing all the samples gathered
from the experiment. This shows that the models
struggled more with the human-drawn digits than
the MNIST dataset digits but still held relatively
high accuracies. These findings align with prior
work showing that UQ methods such as Dropout
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Posterior of i for Base Model

95% HDI

Posterior of i for Ensemble Model

95% HDI

Posterior of  for MC-Dropout

95% HDI
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(a) Base Model

(b) Deep Ensemble

[ 5 10 -15 -10 -5 ] 5 10 15

(¢) MC-Dropout

Figure 4.4: Posterior distributions for the calibration error () per model. The 95% HDI is marked

along the x-axis.

and Ensembles degrade in calibration and accuracy
under dataset shift (Ovadia et al., 2019).

5.2 Confidence

A statistically significant difference was found be-
tween the three models when comparing confidence,
especially between the Base Model and the other
two. The Base Model had a higher average con-
fidence than both other models, while there was
little to no difference between MC Dropout and
the Deep Ensemble. This is in line with earlier
predictions and the theory behind this research.
The Base Model does not quantify epistemic uncer-
tainty in any particular way and, therefore, predicts
with consistent overconfidence. This overconfidence
is consistent with findings by Guo et al. (2017),
who showed that modern deep networks, including
those using Softmax outputs, tend to be overconfi-
dent without post-hoc calibration techniques.

5.3 User Feedback

This experiment collected user feedback through
five questions with answers on the Likert scale.
Analysis of the responses showed no statistically
significant difference in answers between the three
models. The reasons are discussed later in Sec-
tion 5.7. That said, when analyzing the bar plots
showing the normalized distributions of answers
per question (see Figure C.1-C.5 in Appendix C),
some trends indicative to a difference between the
models could be seen. As discussed in the results
section, in the plots for Questions 2 and 5, which
both ask about the appropriateness of the model’s

confidence for the top prediction, the Base Model
showed more responses on answers that begin with
”Strongly” than on the more neutral ones, com-
pared to the other two models. This clearly shows
that participants found the Base Model’s confi-
dence predictions to be more extreme, either in
the disagree or agree direction. These bar plots
show answers picked by the participants regardless
of whether the model predicted correctly or not.
Therefore, it is possible to see how the Base Model’s
overconfidence could appear appropriate in cases
where the prediction was correct and very distant
from that when it was incorrect. That said, no sta-
tistically significant results were found, so there are
few conclusions we can draw from this data.

5.4 Calibration Error

Two kinds of statistical analysis were employed
to better interpret this data: Frequentist and
Bayesian. No statistically significant results were
found from the former, showing that the difference
in calibration error was not significant enough to
be statistically relevant. That said, by looking at
the mean differences, it was clear that the Base
Model was the most overconfident. This was further
demonstrated by the Bayesian analysis conducted
on the same data, which showed that a Bayes Fac-
tor of 26.18 for the Base Model was notably higher
than 0.39 and 0.18 for the Deep Ensemble and MC
Dropout, respectively. This also aligns with the ear-
lier predictions and assumptions, stating that the
Base Model, with no UQ implemented, will predict
with excessive overconfidence compared to models
incorporating various UQ techniques.
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5.5 Cannot answer

We also provided participants with a ”Cannot an-
swer” option for all Likert-type questions to ac-
count for cases where they could not make sense of
the question or felt that none of the other responses
were applicable. We included this option to avoid
forcing participants to give a response that did not
accurately represent their opinion.

For the Likert answer analysis, we did not con-
sider responses labeled “Can’t answer.” We omitted
these because the Likert answers were numerically
encoded from 1 (Strongly Disagree) to 5 (Strongly
Agree), while “Can’t answer” would be encoded as
6. Including them would have artificially skewed
averages, increased standard deviations, and ulti-
mately made the results uninterpretable.

Below is a summary of participants who used the
“Cannot answer” option:

Participant Cannot Answers (CA)
06 15
08 1
11 3
12 11
13 6
15 9
Total 45

Table 5.1: Summary of “Cannot answer” re-
sponses across participants.

5.6 Key Takeaways

The Base Model is quite overconfident, especially
compared to the other two. We showed that some
trends hint at users perceiving this overconfidence,
but there is no statistically significant evidence to
back this up. Lastly, we showed that the models
performed worse in the handwritten digits dataset
created by the participants in this experiment than
in the MNIST one, proving the importance of a
real-world dataset for testing UQ instead of syn-
thetic alterations of existing datasets.

5.7 Limitations

As with most experiments, some limitations were
discovered after the data collection was completed.

The key ones are listed below:

e Phrasing of the questions: We carefully
crafted the five questions, but some partici-
pants criticized them as confusing and some-
what too similar. The scale on which they
could answer was also relatively small. Imple-
menting a question asking, “On a scale of 1-
10, how much do you agree with the above
statement?” would have provided finer out-
puts to be used in analyzing the three models
and more straightforward interpretations for
the participants.

e Problems with the web app: The web
app received much attention as it was one of
the central elements developed for this exper-
iment, but due to time constraints, the final
version was not fully polished. Some bugs arose
during the experiment, causing participants
to be kicked out and lose progress—though
no collected data was ever lost. Using two
tablets simultaneously caused problems, as the
app—running on a single computer—initially
could not handle multiple inputs and required
modifications. A few participants also inad-
vertently relaunched the browser page, which
wiped their progress. Overall, these issues
made the task more cumbersome for partici-
pants and the experimenter, possibly impact-
ing the experience and the results.

e Sample size: The sample size of 20 partici-
pants ensured that the experiment was com-
pleted quickly but made it difficult to gather
meaningful conclusions in the analysis of the
data gathered.

e Generalizability of the task: We discuss
this in more detail below in Section 5.8, but
handwritten digit classification is a straight-
forward task that does not generalize well to
other fields or offer many interesting compar-
isons.

5.8 Future Work

This thesis accomplished nearly everything it set
out to do, and the approach employed was a solid
foundation for investigating how people perceive
uncertainty. However, there are several different
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ways that this work could be improved or altered
to be more informative.

While classifying handwritten digits is a rela-
tively simple task, it served as a valuable starting
point for exploring how users perceive uncertainty
in model predictions. An improvement in the fu-
ture is to apply the same techniques - mixing uncer-
tainty methods with real human feedback - to more
complex and significant domains. For instance, ex-
periments classifying medical images, such as de-
tecting problems in X-rays or detecting early signs
of disease in MRI scans, could benefit from learning
how users (particularly doctors or technicians) per-
ceive and respond to various forms of uncertainty.
The stakes are much higher in these domains, so
explaining and understanding uncertainty is even
more critical.

This research can also be applied to natural
language processing models, particularly chatbots
and large language models such as ChatGPT,
DeepSeek, and more. Recent surveys like Shorinwa
et al. (2024) show a growing number of methods for
quantifying uncertainty in transformer-based mod-
els, from confidence intervals to decoding strategies.
These developments open many paths to study how
trust and uncertainty interact in NLP applications.
These models generate responses based on context
but typically do not indicate to users how certain
or uncertain they are. An obvious next step would
be investigating ways of clearly indicating uncer-
tainty in text and how this influences trust. Even
minor actions, such as indicating when a model is
uncertain about its responses or offering alterna-
tive options, would help users better understand
and enable them to make wiser decisions.

Another idea is to show uncertainty differently.
This work considered confidence shown in percent-
ages and bar charts, but future studies could look
at how various images or methods of displaying
uncertainty influence user trust, satisfaction, and
comprehension, particularly for various user groups
(such as experts and non-experts).

This thesis examined a basic task, but the larger
concepts of uncertainty quantification, trust, and
human feedback can be applied to many fields. By
investigating broader uses and new forms of inter-
action, future studies can make Al systems in daily
life more understandable and trustworthy.

6 Conclusions

This work aimed to understand better how various
UQ methods impact user perceptions of a model’s
outputs. For this, a web app was developed, allow-
ing easy customization of how the experiment can
be run, making it easily adaptable to new model
structures, and offering a way to collect user in-
put. Furthermore, we created a methodology for
experimentation in this field. This set a series of
questions to model user perception, numerical and
graphical visualizations of confidence, and a data
analysis process aimed at better understanding the
impact of various model architectures on the par-
ticipants. This provides the base for future work
in the field, giving an idea of how the methodol-
ogy can be implemented and what results can be
gathered from it.

With the analysis of all the collected data, var-
ious conclusions were drawn. Firstly, a statisti-
cally significant difference in confidence between
the Base Model and the other two models was
found, showing the expected overconfidence of a
model that does not implement any UQ. Then, we
showed that no significant difference in the accura-
cies of the three models existed, meaning that any
other differences discovered cannot be attributed
to drastically different performances, allowing more
conclusions to be drawn. Next, no statistically sig-
nificant difference was found when analyzing the re-
sponses to the five questions. However, we showed
trends discovered through various graphs for users
perceiving the Base Model as more extreme in its
predictions. Lastly, with the analysis of calibration
error, we found that the Base Model was visibly
overconfident, especially when comparing the Bayes
Factors between the three models.

In summary, this thesis laid the groundwork for
future research in the field by supplying the follow-
ing contributions:

1. Human-generated dataset for hand-
written digit classification: Creating this
dataset was an essential step in achieving the
key goal of this work. Synthetic datasets used
to test epistemic uncertainty do not provide as
much ecological validity as a human-generated
one can.

2. Evaluation of three UQ methods (Base
Model, MC Dropout, Deep Ensemble)
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in a real-world setting: There are many
ways of measuring epistemic uncertainty in a
machine learning model. For this thesis, MC
Dropout and Deep Ensemble provided a look
into how UQ can work and allowed for easy
comparison between them to find any differ-
ences in user perception.

3. Web-based experimental interface for
collecting and evaluating user trust in
model predictions: Data collection is a key
step in any experiment, and the web app de-
veloped here provides a great starting point for
anybody attempting to measure similar phe-
nomena between various models.

4. Quantitative and qualitative analysis of
how different UQ methods impact user
perception: Measuring user perception is not
a trivial task. However, the analysis found in
this thesis provides just that—a comparison of
how users perceived the three models by com-
paring their answers to the five questions.
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A Participant Handouts

Classification

rijksuniversiteit Uncertainty Estimation for informed consent
groningen Natural Handwritten Digit

Hereby I, the participant, declare that

Thave read and understood the information about the research project and I D
voluntarily agree to participate. I know whom to contact in case I have questions
and I have been informed about my rights.

Tunderstand that I can withdraw at any time, without giving a reason, until one
week after the experiment is completed.

(W

Tunderstand that taking part in the study involves drawing numbers and assessing D
predictions.

In addition, I agree

That the drawings and ratings that I provide will be published in an open research D
repository so that it will be accessible to anyone.

Date:

Full name of researcher present:

Daniel Gentile

11

You have the right to a copy of this consent form.

Figure A.1: Consent form for participants.
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Natural Handwritten Digit

roningen
& & Classification

1'ijksuniver5iteit / Uncertainty Estimation for / information about this study

Why this research?

e We are interested in whether different Machine Learning (Artificial
Intelligence) methods give perceivably better predictions and uncertainty
estimations. That is: do people find the predictions to be correct, and do they
find the predictions are to be appropriately confident. We use handwritten
numbers as a simple task, but future research may extend to other Machine
Learning systems.

What do we ask of you during the research?
e We will ask you to draw handwritten numbers with the laptop. It is okay if
those drawings are not perfect.
e Then we will ask the Machine Learning system to try to predict which number
you drew.
e After this you will be asked to rate the prediction of the Machine Learning
system on
a) How correct is the prediction?
b) How appropriate is the confidence of the prediction?

How will we treat your data?

e Your handwritten numbers and the ratings that you give will be stored with a
randomly generated anonymous subject number. We will keep a record of your
name and which subject number belongs to you for one week. During this
week you may request your data to be removed. After this week, the record will
be destroyed, the data will be fully anonymous and you will not be able to
request your data to be deleted anymore.

e We will publish the anonymous handwritten numbers and ratings in a public
online database and encourage other researchers to build safe Machine
Learning systems. Additionally, your numbers and ratings will be stored on a
secure server owned by the University.

e Your data will be analyzed for a BSc thesis project. This involves temporarily
storing your handwritten digits and ratings on the student’s personal
computer until the analysis is completed.

e The signed consent form will be archived securely at the University and will
only be made available for auditing. These will be stored for ten years.

12
As a research participant, you have the right to a copy of this research information.

Figure A.2: Page 1 of the information handout.
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groningen Natural Handwritten Digit
Classification

I‘iijllniVGI'Siteit / Uncertainty Estimation for / information about this study

Do you have to participate in this study?
Participation in this study is voluntary. If you decide not to participate, you do not
need to explain why, and there will be no negative consequences for you. You have

the right to withdraw from this study at any time until one week after the
experiment.

‘What else do you need to know?
We encourage you to share any questions or comments you may have about the
study. You can ask your questions now, during, or after the study. You can do so
by speaking with one of the researchers present or by emailing the research
team Daniel Gentile (d.gentile@rug.nl), drs. Ivo de Jong (ivo.de.jong@rug.nl),
dr. Matias Valdenegro Toro (m.a.valdenegro.toro@rug.nl) or dr. Andreea
Sburlea (a.i.sburlea@rug.nl).

Do you have questions/concerns about your rights as a research participant or
about the conduct of the research team? In that case, please contact the Research
Ethical Review Committee (CETO) of the Faculties of Arts, Philosophy, and
Science & Engineering of the University of Groningen: ceto@rug.nl.

Do you have questions or concerns regarding the handling of your personal data?

You may also contact the University of Groningen’s Data Protection Officer:
privacy@rug.nl.

As a research participant, you have the right to a copy of this research information.

Figure A.3: Page 2 of the information handout.




B Web App Images

Handwritten Digit Recognition with Uncertainty Visualization

Subject Number

1

Name

Example

Select Uncertainty Methods

¥ Confidence % ¥ BarPlot

Model Selection Mode

® Randomly pick one model per digit Use all models for each digit

& Skip Practice Runs?

Select Which Digits to Draw

0 v 1 v 2

Select Content to Display

Your Drawing & Processed Drawing ¥ Prediction Text ¥ Probabilities Plot

¥ Feedback Questions Show Model Name

Start Experiment

Figure B.1: Web App: Initial page for setup (Not shown to participants).
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Handwritten Digit Recognition with Uncertainty Visualization

. 1/10
Instructions

Please draw the digit 1

[4 Draw a Digit

¢ layeri1 L ¥

Submit Drawing

Figure B.2: Web App: First Page for Participants with Empty Canvas.
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Handwritten Digit Recognition with Uncertainty Visualization

. 1/10
Instructions

Please draw the digit 1

(4 Draw a Digit

QC layerl O ¥ @

Submit Drawing

Figure B.3: Web App: Example of drawn digit on canvas.

22



Handwritten Digit Recognition with Uncertainty Visualization

. 2/10
Instructions

Please draw the digit 0

(4 Draw a Digit

QC layerl O ¥ @

Submit Drawing

Figure B.4: Web App: Example of drawn digit on canvas 2.
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(3 Processed Drawing (28x28)

Prediction

Predicted Digit: 1, Confidence: 98.39%

Prediction Probabilities

Probability
©
o

o
S
L

0.00 0.00 000 000 o000 %01 o000 0.00
2 3 4 5 6 7 8 9
Digit

Figure B.5: Web App: Results page showing initial drawing, model prediction with confidence,

and bar plot
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Evaluate the model with some sympathy. At times it will make mistakes if not too confident or it might be uncertain

about a correct prediction if it is a difficult one. Please answer the following questions with this in mind.

1. Is the top prediction appropriate?

Strongly disagree Disagree ® Neutral Strongly agree

Can't answer

2. Is the top prediction's confidence appropriate?

Strongly disagree Disagree ® Neutral Strongly agree

Can't answer

3. Are the alternative predictions appropriate?

Strongly disagree Disagree ® Neutral Strongly agree

Can't answer

4. Are the alternative predictions' confidences appropriate?

Strongly disagree Disagree ® Neutral Strongly agree

Can't answer

5. In relation to how clear the drawing is, is the prediction too confident?

Strongly disagree Disagree ® Neutral Agree Strongly agree

Can't answer

Next Digit

Figure B.6: Web App: Liker scale questions regarding results.
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Handwritten Digit Recognition with Uncertainty Visualization

Thank you for participating in the experiment!

Figure B.7: Web App: Thank you page shown after completion of experiment.
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C Tables and Graphs

C.1 Examples of Digits Drawn by Participants

Table C.1: Examples of handwritten digits.

Digit Example 1 Example 2 Example 3 Example 4 Example 5

o Ol O OO0
- < B B 6
-~ Hd HEHHBHB
. BN [El El E




C.2 Normality Testing Results

Table C.2: Summary of Normality Test Results by Model and Variable.

Variable Group N Mean StdDev  Skew Kurtosis Shapiro.W Shapiro_p
confidence Base Model 56 92.561 14.953 -2.306 4.731 0.571 0.000
confidence MC-Dropout 73 79.329 22980 -0.853 -0.811 0.806 0.000
confidence Ensemble Model 71  82.443  22.720 -1.251 0.720 0.786 0.000
mean_accuracy Base Model 20  76.250  29.154 -1.006 0.243 0.800 0.001
mean_accuracy Ensemble Model 19  76.654  22.618 -0.686 0.028 0.875 0.017
mean_accuracy MC-Dropout 20  79.083  20.615 -0.330 -1.418 0.815 0.001
ql_answer Base Model 55 4.273 1.484 -1.712 1.062 0.509 0.000
ql_answer MC-Dropout 73 4.205 1.443 -1.452 0.350 0.578 0.000
ql_answer Ensemble Model 69 4.188 1.458 -1.478 0.451 0.585 0.000
q2_answer Base Model 55 4.018 1.509 -1.271 -0.048 0.653 0.000
q2_answer MC-Dropout 73 3.877 1.433  -0.951 -0.594 0.751 0.000
q2_answer Ensemble Model 69 3.971 1.424 -1.056 -0.413 0.719 0.000
g3-answer Base Model 52 3.846 1.433 -0.938 -0.587 0.762 0.000
q3-answer MC-Dropout 72 3.597 1.083 -0.487 -0.617 0.882 0.000
q3_answer Ensemble Model 62 3.484 1.555 -0.418 -1.451 0.801 0.000
q4_answer Base Model 50 3.800 1.400 -0.947 -0.471 0.781 0.000
q4_answer MC-Dropout 72 3.514 1.210 -0.585 -0.713 0.865 0.000
q4_answer Ensemble Model 63 3.413 1.531 -0.228 -1.589 0.804 0.000
g5-answer Base Model 53 2.245 1.385  0.780 -0.776 0.805 0.000
q5_answer MC-Dropout 71 2.254 1.216  0.754 -0.476 0.846 0.000
gb_answer Ensemble Model 66 2.500 1.470  0.293 -1.468 0.818 0.000
acc_conf_diff Base Model 20 -15.661  23.033 -0.506 -1.248 0.878 0.016
acc_conf_diff Ensemble Model 19  -4.918  21.120 0.038 0.517 0.964 0.663
acc_conf_diff MC-Dropout 20  -0.547  16.849 -0.301 -1.066 0.932 0.169
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C.3 User Feedback Answer Distributions

Distribution of Q1 Responses by Model

Model Name
B Base Model
=3 MC-Dropout + Ensemble (Avg)
07
06
05
§
goa
2
03
02
) J_‘ =
00

strongly disagree Disagree Neutral Agree strongly agree Can't answer
Likert Scale Response

Figure C.1: Comparison of proportions of answers between Base Model and average between MC

Dropout and Deep Ensemble for Q1.
Is the top prediction appropriate?
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Distribution of Q2 Responses by Model

06 Model Name
B Base Model
[ MC-Dropout + Ensemble (Avg)

Proportion

strongly disagree Disagree Neutral Agree strongly agree Can't answer
Likert Scale Response

Figure C.2: Comparison of proportions of answers between Base Model and average between MC
Dropout and Deep Ensemble for Q2.
Is the top prediction’s confidence appropriate?

Distribution of Q3 Responses by Model

Model Name
B Base Model
[ MC-Dropout + Ensemble (Avg)

Proportion

strongly disagree Disagree Neutral Agree strongly agree Can't answer
Likert Scale Response

Figure C.3: Comparison of proportions of answers between Base Model and average between MC
Dropout and Deep Ensemble for Q3.
Are the alternative predictions appropriate?
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of Q4

by Model

025

Proportion
g
3

015

Model Name
= Base Model
[ MC-Dropout + Ensemble (Avg)

strongly disagree

Disagree

Neutral

Agree strongly agree Can't answer

Likert Scale Response

Figure C.4: Comparison of proportions of answers between Base Model and average between MC

Dropout and Deep Ensemble for Q4.

Are the alternative predictions’ confidences appropriate?

Distribution of Q5

by Model

strongly disagree

Disagree

Neutral

Agree
Likert Scale Response

Model Name.
B Base Model
[ MC-Dropout + Ensemble (Avg)

strongly agree Can't answer

Figure C.5: Comparison of proportions of answers between Base Model and average between MC

Dropout and Deep Ensemble for Q5.

In relation to how clear the drawing is, is the prediction too confident?
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