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Speech and image recognition, already employed in many mainstream and assistive

applications, hold great promise for increasing independence and improving the quality

of life for people with visual impairments. However, their error-prone nature combined

with challenges in visually inspecting errors can hold back their use for more independent

living. This thesis explores blind users’ challenges and strategies in handling speech and

image recognition errors through non-visual interactions looking at both perspectives:

that of an end-user interacting with already trained and deployed models such as automatic

speech recognizer and image recognizers but also that of an end-user who is empowered to

attune the model to their idiosyncratic characteristics such as teachable image recognizers.

To better contextualize the findings and account for human factors beyond visual impairments,

user studies also involve sighted participants on a parallel thread.

More specifically, Part I of this thesis explores blind and sighted participants’ experience

with speech recognition errors through audio-only interactions. Here, the recognition

result from a pre-trained model is not being displayed; instead, it is played back through



text-to-speech. Through carefully engineered speech dictation tasks in both crowdsourcing

and controlled-lab settings, this part investigates the percentage and type of errors that

users miss, their strategies in identifying errors, as well as potential manipulations of the

synthesized speech that may help users better identify the errors.

Part II investigates blind and sighted participants’ experience with image recognition

errors. Here, we consider both pre-trained image recognition models and those fine-tuned

by the users. Through carefully engineered questions and tasks in both crowdsourcing

and semi-controlled remote lab settings, this part investigates the percentage and type of

errors that users miss, their strategies in identifying errors, as well as potential interfaces

for accessing training examples that may help users better avoid prediction errors when

fine-tuning models for personalization.



EXPLORING BLIND AND SIGHTED USERS’ INTERACTIONS
WITH ERROR-PRONE SPEECH AND IMAGE RECOGNITION

by

Jonggi Hong

Dissertation submitted to the Faculty of the Graduate School of the
University of Maryland, College Park in partial fulfillment

of the requirements for the degree of
Doctor of Philosophy

2021

Advisory Committee:
Assistant Professor Hernisa Kacorri, Chair/Advisor
Assistant Professor Marine Carpuat
Assistant Professor Huaishu Peng
Assistant Professor Zhicheng Liu
Associate Professor Leah Findlater (University of Washington)



© Copyright by
Jonggi Hong

2021



Acknowledgments

First and foremost, I would like to thank my advisor, Professor Hernisa Kacorri, for

her endless support and thoughtful advice throughout the years. She has been supportive

in completing my research as well as becoming an independent researcher. Her passion

and creative ideas inspired me many times. I believe that what I learned from her would

be a good guideline as a researcher for the rest of my life.

I also would like to thank my former advisor, Professor Leah Findlater, who shaped

my research at the beginning of my Ph.D. at UMD. She provided many important skills

and techniques related to all parts of conducting research and building relationship with

other researchers. I was very fortunate to have opportunities to work with Professor

Hernisa Kaccori and Professor Leah Findlater.

I would like to thank my dissertation committee members: Marine Carpuat, Huaishu

Peng, and Leo Zhicheng Liu. Thank you for providing insightful comments that made my

work stronger.

I am grateful to all lab mates, students, and friends who have shared skills and ideas

with me: Uran, Kotaro, Lee, Meethu, Kristin, Kyungjun, Utkarsh, Rie, Alisha, Christine,

Ebrima, Jaina, Ernest, June, Tak, Deokgun, Soekbin, Seongkook, and Jaeyeon.

As always, I thank my parents’ for providing a huge support in completing my

Ph.D. successfully. I am also grateful to my sister for giving me lots of assistance.

ii



Table of Contents

Acknowledgements ii

Table of Contents iii

List of Tables vi

List of Figures vii

Chapter 1: Introduction 1

Chapter 2: Background on User Interaction With Error-Prone Systems 4
2.1 Identifying Errors . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 4
2.2 Understanding Errors . . . . . . . . . . . . . . . . . . . . . . . . . . . . 6
2.3 Avoiding and Correcting Errors . . . . . . . . . . . . . . . . . . . . . . . 8

Part I: Interacting with Error-Prone Speech Recognition 10

Prologue to Part I 11

Chapter 3: Background 13
3.1 Automatic Speech Recognition and Error Identification . . . . . . . . . . 13
3.2 Automatic Speech Recognition for Accessibility . . . . . . . . . . . . . . 15
3.3 Comprehension of Synthesized Speech . . . . . . . . . . . . . . . . . . . 16

Chapter 4: Characterizing the Challenges in Identifying ASR Errors With Sighted
Users 17

4.1 Motivation and Introduction . . . . . . . . . . . . . . . . . . . . . . . . 17
4.2 Understanding Error Identification in Recognized Speech . . . . . . . . . 18

4.2.1 Method . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 18
4.2.2 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 22
4.2.3 Summary and Discussion . . . . . . . . . . . . . . . . . . . . . . 24

4.3 Improving Error Identification Through Speech Rate and Pause . . . . . . 25
4.3.1 Method . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 26
4.3.2 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 29
4.3.3 Summary and Discussion . . . . . . . . . . . . . . . . . . . . . . 33

4.4 Improving Error Identification by Varying Pause Length . . . . . . . . . . 33
4.4.1 Method . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 34

iii



4.4.2 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 35
4.4.3 Summary and Discussion . . . . . . . . . . . . . . . . . . . . . . 35

4.5 Improving Error Identification by Listening to Speech Twice . . . . . . . 37
4.5.1 Method . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 38
4.5.2 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 38
4.5.3 Summary and Discussion . . . . . . . . . . . . . . . . . . . . . . 39

4.6 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 40
4.7 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 42

Chapter 5: Comparing Error Identification in ASR Across Blind and Sighted Users 43
5.1 Motivation and Introduction . . . . . . . . . . . . . . . . . . . . . . . . 43
5.2 Method . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 45
5.3 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 55
5.4 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 72
5.5 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 77

Epilogue to Part I 79

Part II: Interacting with Error-Prone Image Recognition 82

Prologue to Part II 83

Chapter 6: Background 86
6.1 Image Recognition and Error Identification . . . . . . . . . . . . . . . . . 86
6.2 Image Recognition for Accessibility . . . . . . . . . . . . . . . . . . . . 88
6.3 Machine Teaching and Teachable Interfaces . . . . . . . . . . . . . . . . 89

Chapter 7: Understanding Error Identification in Pre-Trained Image Recognition
With Blind Users 93

7.1 Motivation and Introduction . . . . . . . . . . . . . . . . . . . . . . . . 93
7.2 Method . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 95
7.3 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 101
7.4 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 110
7.5 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 113

Chapter 8: Exploring Error Understanding and Avoidance in Teachable Image Recognition
With Sighted Users 114

8.1 Motivation and Introduction . . . . . . . . . . . . . . . . . . . . . . . . 114
8.2 Method . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 117
8.3 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 127
8.4 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 139
8.5 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 142

Chapter 9: Designing a Teachable Object Recognizer with Training Set Descriptors
for Blind Users 144

9.1 Motivation and Introduction . . . . . . . . . . . . . . . . . . . . . . . . 144

iv



9.2 Method . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 146
9.3 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 156
9.4 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 172
9.5 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 174

Epilogue to Part II 176

Chapter 11:Conclusions and Future Work 179
11.1 Summary of Contributions . . . . . . . . . . . . . . . . . . . . . . . . . 179
11.2 Future Directions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 180

Bibliography 183

v



List of Tables

4.1 Subjective vote tallies in Study 2. The 200 WPM speech rate and shortest
two pause lengths were the most preferred, while 300 WPM was least
likely to be voted easiest. . . . . . . . . . . . . . . . . . . . . . . . . . . 32

5.1 Participant characteristics, with ”B” denoting blind and ”S” sighted participants.
All but B10 and S12 were native English speakers; B10 and S12 had lived
in the US for 30 and 27 years, respectively. . . . . . . . . . . . . . . . . . 46

5.2 Definition and the number of error instances for the types where error
instances sounded like the original words. The identified column includes
the proportion of exactly identified errors (the number of exactly identified
error instances divided by the number of all error instances) . . . . . . . 69

5.3 Definition and the number of error instances for the types where error
instances did not sound like the original words. The identified column
includes the proportion of exactly identified errors (number of exactly
identified error instances / number of all error instances) . . . . . . . . . 69

6.1 Related studies’ characteristics juxtaposed with ours. . . . . . . . . . . . 91

7.1 Participants’ characteristics. . . . . . . . . . . . . . . . . . . . . . . . . . 96

8.1 Variation attributes, true if a variation is present for at least one object. . . 125
8.2 Inconsistency attributes, true if there is an inconsistency in variation across

the three objects. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 126
8.3 Count attributes, number of photos with a given characteristic including

those looking at quality issues. . . . . . . . . . . . . . . . . . . . . . . . 126
8.4 Modeling recognition performance based on attributes capturing variation,

inconsistency, and other characteristics. . . . . . . . . . . . . . . . . . . 138

9.1 Our descriptors for reviewing photos are informed by prior studies exploring
how people who have no machine learning expertise synthesize their data
for training and iterate on them when they can access them visually [1, 2? ].148

9.2 Participants’ characteristics. . . . . . . . . . . . . . . . . . . . . . . . . . 154

vi



List of Figures

1.1 Upward trend and a plateauing line for top-1 and 5 accuracies for image
classification on ImageNet from 2012 to 2017. (Source: Su et al., 2018 [3]) 2

4.1 The experimental setup. . . . . . . . . . . . . . . . . . . . . . . . . . . . 19
4.2 WER, precision, recall, and phrase-level accuracy in Study 1. Recall

results showed that participants missed identifying more than half of the
speech recognition errors. Error bars show standard error (N = 12 per
group). . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 22

4.3 Screenshot of the online testbed used for Studies 2, 3, and 4, showing a
single trial. A trial consisted of reading a presented phrase, listening to
an audio clip of what a speech recognition engine had heard, and marking
errors in the recognized version (i.e., discrepancies between text and audio).. 26

4.4 Precision, recall, phrase-level accuracy, and trial completion time in Study
2. The shaded portion in trial completion time indicates the average
length of audio clips in that condition. Participants identified errors most
accurately with the 200 WPM speech rate and 150ms pause. Error bars
show the standard error (N = 52). . . . . . . . . . . . . . . . . . . . . . 30

4.5 Types of errors participants missed identifying in Study 2. Participants
missed 33% fewer multiple-word errors with a 150ms pause compared to
no pause. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 31

4.6 Graphs of precision, recall, phrase-level accuracy, and trial completion
time in Study 3. The shaded portion in trial completion time indicates the
length of audio clips. There were no significant differences in accuracy
measures due to pause length. Error bars show standard error (N = 40). . 34

4.7 Graphs of precision, recall, and phrase-level accuracy in Study 4. The
shaded portion in trial completion time indicates the average length of
audio clips in that condition. The only time was significantly different
between the two conditions. The error bars are standard errors (N = 30). . 39

5.1 Study setup for the speech dictation task, showing researcher (left) and
participant (right) perspectives. The screen was blank across all participants
to control for access to visual information. . . . . . . . . . . . . . . . . . 48

5.2 Reported frequency of using synthesized speech (N = 24). . . . . . . . . 56
5.3 Reported frequency of using speech input for dictation and voice commands

(N = 24). . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 57

vii



5.4 Perceived frequency of encountering ASR errors when dictating text (N =
24)* . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 58

5.5 Frequency with which participants reported reviewing and editing text
after dictation (N = 24). . . . . . . . . . . . . . . . . . . . . . . . . . . 60

5.6 Recall and precision for the blind and sighted participants in trials with
short scenarios (SS) and open questions (OQ). The trials with open questions
had longer messages with higher error rates. . . . . . . . . . . . . . . . . 62

5.7 The strategy used to report different types of ASR errors by the blind and
sighted participants. There is no strategy in a cell if no error occurred or
a participant missed all errors. . . . . . . . . . . . . . . . . . . . . . . . 64

5.8 WER and length of dictated messages for the blind and sighted participants
in trials with short scenarios (SS) and open questions (OQ). Participants
dictated longer messages in trials with OQ than SS. There was no significant
difference in WER between sighted and blind participants. . . . . . . . . 65

5.9 Speech rate and length of words for the blind and sighted participants in
trials with short scenarios (SS) and open questions (OQ). Blind participants
spoke slower than sighted participants. The average length of words was
shorter in OQ trials than SS trials. . . . . . . . . . . . . . . . . . . . . . 66

6.1 Characterization of our testbed in the machine teaching problem space [4],
where T stands for teacher and S for student. A human T employs a pool-
based, model-free, angelic, empirical teaching. The testbed has a single
recognition model S learning in batch mode, unaware that is being taught,
while considering T as a friend (no adversarial examples). . . . . . . . . . 90

7.1 Object stimuli: baking soda, caramel coffee, Cheetos, chewy bars, chicken
broth, coca-cola, diced tomatoes, diet coke, dill, Fritos, Lacroix apricot,
Lacroix mango, Lays, oregano, pike place roast. . . . . . . . . . . . . . . 98

7.2 A screenshot of the general object recognizer. . . . . . . . . . . . . . . . 100
7.3 Participant responses to questions about their experience in taking photos. 103
7.4 What participants captured in their photos. . . . . . . . . . . . . . . . . . 104
7.5 Camera-based assistive apps the participants have used regularly. . . . . . 105
7.6 Participants responses to two questions about the frequency of encountering

errors and verifying the outputs from the apps. . . . . . . . . . . . . . . . 107
7.7 Participants responses to two questions about handling errors in the apps. . 108
7.8 The number of missed errors (false negatives, FN) and correct predictions

considered as misrecognitions (false positives, FP). . . . . . . . . . . . . 109

8.1 Given an object category, MTurkers are called to choose three object
instances and train a robust personal object recognizer using their mobile
camera. Here we include examples from some of the participants’ selected
objects. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 115

8.2 Testbed screenshots: questionnaires, category selection, object labeling,
and camera view in training and testing. . . . . . . . . . . . . . . . . . . 120

viii



8.3 Participants’ technology experience and familiarity with machine learning
mostly ranging from slightly (have heard of it but don’t know what it does)
to somewhat familiar (I have a broad understanding of what it is and what
it does). . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 123

8.4 Examples of variation attributes in teaching sets. . . . . . . . . . . . . . . 127
8.5 Sample photos considered by the count attributes. . . . . . . . . . . . . . 128
8.6 Number of participants per variation and inconsistency attribute across all

five interactions with the model: preliminary test (TS0), train 1 (TR1), test
1(TS1), train 2 (TR2), and test 2 (TS2). The graphs on the left indicate
how participants incorporate diversity in their photos in terms of object
size, viewpoint, location, and illumination when they train and debug their
models. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 130

8.7 Percentage of photos per participant given a count attribute, with standard
error as error bars. Participants took photos mostly with the logo on it
and many of them against a textured or cluttered background. Often the
objects were cropped in the camera frame and sometimes participants’
hands were included in the photos. Surprisingly, few participants opened
the object and trained the model on their content as well. The most
common quality issues were blurry and dim photos though not that prevalent.
. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 131

9.1 Screenshots from the TOR app indicating from left to right the home
screen, teach screen, teach screen with descriptors, teach screen with
the number of remaining photos notification, review screen (top), review
screen (bottom). . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 146

9.2 Screenshots from the TOR app indicating from left to right the labeling
screen, home screen when training is in progress, home screen with a
recognition result, list of items screen, item information screen (top), item
information screen (bottom). . . . . . . . . . . . . . . . . . . . . . . . . 148

9.3 Object stimuli in the study: Fritos, Cheetos, and Lays. . . . . . . . . . . . 155
9.4 Participant responses to questions about their training experience during

the study. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 157
9.5 Training photos annotated as having too small objects (target objects are

marked with blue dotted rectangles). . . . . . . . . . . . . . . . . . . . . 161
9.6 Scatter plots with the manually annotated values on the x axis and estimated

values on the y axis. The correlation coefficient (r) and p-value (p) are
specified in the plots. . . . . . . . . . . . . . . . . . . . . . . . . . . . . 162

9.7 Training photos with cluttered backgrounds. . . . . . . . . . . . . . . . . 164
9.8 Training photos with little variation. . . . . . . . . . . . . . . . . . . . . 164
9.9 Training photos with problems in framing (i.e., adjusting the distance and

centering the object). . . . . . . . . . . . . . . . . . . . . . . . . . . . . 164
9.10 Test photos with cluttered backgrounds.

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 164
9.11 Participant responses to questions about their testing experience during

the study. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 166

ix



9.12 The number of tests per object. . . . . . . . . . . . . . . . . . . . . . . . 166
9.13 The proportion of errors and number of tests. . . . . . . . . . . . . . . . 166
9.14 The number of tests per object and proportion of errors. . . . . . . . . . . 166
9.15 The accuracy of the object recognition models tested by the participants. . 169
9.16 Average accuracy versus satisfaction with the performance. The red dots

are means. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 169
9.17 The number of tests per object and proportion of errors. . . . . . . . . . . 169
9.18 Participant responses to questions about their reviewing and editing experience

during the study. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 169
9.19 Participant responses to questions about their overall experience during

the study. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 171

x



Chapter 1: Introduction

Using deep neural networks and large datasets (e.g., ImageNet [5], LibriSpeech [6]),

recent machine learning systems have reduced errors dramatically. For example, the

word error rate of the state-of-the-art speech recognition system is only around 5% for

English [7]; top-5 error rate for image classification is roughly at 4% [8]. With advances in

computer vision, speech recognition, and natural language processing, machine learning

has been employed in a variety of applications such as self-driving cars, automated retail

services (e.g., Amazon Go), and voice-controlled intelligent personal assistants (e.g.,

Google Home, Amazon Echo).

While we’ve reached low error rates in object and speech recognition tasks with

public benchmark datasets (e.g., lower than 5% error rates in speech recognition with the

World Street Journal dataset [9] and top-5 image classification with ImageNet [5]), these

error rates may not be reflective of real world scenarios. In practice, one would expect to

see much higher numbers due to many factors such as difficult tasks (e.g., the error rate

of top-1 image classification is higher than top-5 classification as shown in Figure 1.1),

limited computational resources (e.g., classifying images locally on a mobile device),

or inputs that deviates from the training data (e.g., classifying images with personal

items or unique backgrounds collected by a user). Such errors are known to affect the

1



Figure 1.1: Upward trend and a plateauing line for top-1 and 5 accuracies for image
classification on ImageNet from 2012 to 2017. (Source: Su et al., 2018 [3])

user experience significantly in machine learning applications [10, 11]. For example,

Fox et al. [12] identified causes of errors in automatic speech recognizer (ASR) such as

similar sounding words, software parsing error, faulty microphones, and hardware issues.

Reviewing and editing text to correct ASR errors has been known as a bottleneck in text

entry through speech [13, 14, 15, 16]. In object recognition systems, errors can sneak

in due to a mismatch of the training and real-world data [17] but also that these systems

are sensitive to adversarial attacks [18, 19]. While the image classifiers are particularly

useful for blind users [20], they would not be able to tell most of these errors especially

if they could not touch the object recognized in the image (e.g., recognizing a far object,

a scene recognition). Therefore, interfaces that support users in identifying, correcting,

understanding and altogether avoiding errors is crucial. In the broader HCI area, we see

recent efforts such as Amershi et al. [10] providing guidelines of user interface design

for AI-infused systems1. They emphasize that an interface ought to inform users how

accurately the system can do its task and how to deal with the errors. As it is hard

for users to predict and understand the errors from the AI-infused systems, researchers

1A term coined by Amershi et al.(2019) [10]

2



have put effort into explaining the model and its output to help users understand the

rationale behind the system’s output and the impact of a user’s input on the behavior

of the model [21]. This thesis is complementary to these efforts with a focus on everyday

AI-infused systems employing speech and image recognition that can benefit the blind

community and whose errors are typically identified through sight making them inaccessible

to blind users.
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Chapter 2: Background on User Interaction With Error-Prone Systems

This chapter provides an overview of user-error interaction in broader automation

as well as machine learning systems with a focus on blind users’ interactions with errors.

As machine learning has been employed in many assistive technologies such as brain-

computer interface [22, 23], sign language synthesis [24], and indoor localization [25,

26], developing accessible interfaces for identifying, understanding, and recovering from

errors is essential. This chapter organizes prior studies based on the following steps to

resolve errors: identifying, understanding, and recovering from errors.

2.1 Identifying Errors

Error identification plays an important role in the user-error interaction as a first

step to handling errors. While errors are obvious and easy to tell in some applications

where users can understand the outcome from the system and ground truth easily and

quickly (e.g., navigating familiar routes with way-finding system), the outcome from the

system may not be clearly perceived due to the characteristics of the task, poorly designed

interface, the complexity of the information, or poor concentration caused by a high

workload, etc [27, 28]. For example, the ground truth may not be available immediately

when the outcome is provided by the system (e.g., medical diagnosis, weather prediction).

4



The ground truth may not be straightforward to the user if the system handles data in

an unfamiliar work domain [29]. Therefore, researchers have explored the challenge of

identifying machine learning errors. For example, the interface for identifying errors has

been investigated because of the significant impact of the error handling process in speech,

handwriting, and gesture recognition systems on the effectiveness of natural input [14,

15, 30, 31]. To resolve the challenges, prior studies have developed interfaces for helping

users identify the errors. Bourguet [30] identified two approaches when categorizing these

prior studies: automatic identification, where the system automatically identifies potential

errors in its output and machine-led discovery, where the system has an interface that aids

users to discover errors. However, while these approaches could reduce the errors missed

by sighted users, it is still hard for blind users to identify all errors for several reasons. If

the automatic identification systems missed any of the errors, blind users may not have a

way to tell. Also, many systems with the machine-led discovery approach are designed

for sighted users using visual feedback [30]. For example, a handwriting recognition

system displayed different types of lines (e.g., bold and dotted) to represent the system’s

top guess and the potential alternatives [32]. A common way to present alternative

predictions for potential errors in speech recognition systems is by employing a graphical

user interface to show n-best predictions. However, these approaches are not effective

to enable blind users to identify errors easily because most of their interfaces depend on

visual information which is not available for blind users. In consequence, prior studies on

speech and image recognition systems revealed difficulties in identifying errors. While

speech input is blind users’ main method to enter texts on a mobile device, they have

difficulties in identifying speech recognition errors due to the similarity between the
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original speech input and the misrecognized texts in synthesized speech [13]. MacLeod

et al. [33] conducted a user study to understand blind users’ experience with social media

images and showed that blind users were usually not able to identify the problems in the

computer-generated captions of images even when the captions were incorrect and out of

context. When errors occur in computer-generated captions, blind users tended to justify

the difference between the caption and the text around the image rather than considering

the captions as errors. These studies emphasize the importance of developing accessible

interfaces for identifying and understanding errors.

2.2 Understanding Errors

Though deep neural networks and large datasets made a breakthrough in the performance

of machine learning systems, the complexity of the systems made it difficult for users to

understand the system’s behavior. Therefore, prior studies have presented guidelines for

interface design of machine learning applications to help users understand the output

from the applications. For example, the guidelines developed by Amershi et al. [10]

recommend informing users of what and how well a system can do to control users’

expectations. Another prior study confirmed that controlling a user’s expectation with

the information of the system’s capability impacts the user’s experience positively when

the system makes some errors [34]. As the complexity of the machine learning models

makes it harder for users to understand why the errors occur, researchers have actively

investigated the methods to explain the machine learning models and their output (i.e.,

explainable artificial intelligence) [35, 36, 37, 38, 39, 40]. The explanations are found
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to make users satisfied, perceive better control of the system, and trust the output of the

system better [41, 42]. Therefore, many machine learning applications such as image

classifiers [43], recommendation systems [35, 44], and news feed algorithms in social

media [38] employed explainable interfaces.

As blind users depend on the machine learning-based assistive tools without visual

information for some tasks (e.g., writing texts with speech recognition or handwriting

recognition [30, 45], finding routes with navigation system [46]), they care about understanding

the errors and the consequence with them. Prior studies indeed showed that the errors

impact blind users’ experience with the systems significantly. For example, when it

comes to self-driving vehicles for blind users, the safety issues caused by malfunctions

in autopilot system is the main concern when they were suggested to use the self-driving

vehicles independently without help from sighted people [47, 48]. Similar concerns exist

with the systems where the risk of having errors is not as much as those with self-driving

vehicles where errors may threaten users’ lives. Though some errors in a navigation

system are acceptable to blind users, they had a negative experience with errors when

people around them showed misguided responses [49]. Another prior study showed that,

when the navigation system guided a blind user to a place that is only a few meters away

from the destination, blind users may be frustrated and get totally lost due to the small

error [46]. It shows that the interface for user-error interaction needs to provide context

or supplementary information with a prediction from a machine learning model so that

blind users can figure out the cause and severity of errors accurately.
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2.3 Avoiding and Correcting Errors

Prior studies have shown that the interactions for correcting errors have a significant

impact on users’ experience with machine learning systems [14, 15, 30, 31]. To improve

the interactions with errors, several guidelines for designing user interfaces in machine

learning applications recommend employing an intermediate step for users to provide a

confirmation for the predictions from machine learning models [50, 51]. One of the most

common approaches in recognition systems to allow users to correct errors is to repeat the

input that was misrecognized by the system [30]. For example, in the case of handwriting

recognition, a user overwrites the incorrectly recognized words for correction [52]. However,

repeating has shown to be an inefficient way to correct the errors due to the possibility of

having the same errors repeatedly [53, 54]. Therefore, to avoid the repeated misrecognitions

with inputs in the same modality, a prior study recommended having multi-modal interactions

for users to correct errors with different modalities [55]. For example, if speech input

fails repeatedly, users can type the misrecognized text with a keyboard. A prior study

confirmed the effectiveness of multi-modal interactions, showing that experienced users

tend to switch modalities more often than the first-time users of speech recognition systems

to correct errors [14].

In assistive tools for blind people, the easiness of correcting errors is a critical

factor that affects the users’ decision on whether they will continue to use the tools

or not. Prior studies showed that people with disabilities frequently decide to use or

abandon accessibility tools based on whether they can easily recover from errors or

not [56, 57]. When it is difficult to recover from failures of some systems, users of
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assistive technologies usually try to find mitigation strategies such as using multiple

devices/software for the same task [58]. However, when multiple devices or applications

are not available, blind users have to depend on their intuition or experience to recover

from errors. For example, when a blind navigation system provides incorrect directional

guidance, blind users find the correct directions based on their experience and awareness

of the situation [26]. On the other hand, a prior study also showed that errors of only a

few meters in a navigation system would make blind users frustrated and lost when the

place is not familiar to them [46]. Therefore, given that many sources of errors exist in

speech and image recognition systems, assistive tools based on these recognition systems

need to provide user interfaces for reviewing, understanding, and recovering from errors.
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Part I: Interacting with Error-Prone Speech Recognition
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Prologue to Part I

Using deep neural networks, researchers have achieved vast improvements in speech

recognition. Speech input is faster and more accurate on mobile devices than entering

text with a touchscreen keyboard [59]. It is a primary means of text input on devices

that have a small or no visual display, such as smartwatches or voice-based intelligent

personal assistants (e.g., Google Home, Amazon Echo). Speech input is also particularly

useful for eyes-free interaction (e.g., using a mobile device while walking or driving) or

as accessible input for blind users [13, 60].

Reviewing and editing the inputted text, however, is a bottleneck [15]. Speech

recognition errors arise from several sources: the ambiguity of words (e.g., homophones

and pronouns), background noise, and mistakes from users [61]. Visual interfaces for

error detection and correction have been proposed and studied for desktops and mobile

devices (e.g., [62, 63, 64]). When visual output is available, users can read the recognized

text and easily identify these errors. However, error identification is challenging when

users can only hear an audio synthesis of the same text [13]. Azenkot et al. [13] showed

that while speech is a primary text input method for blind users on a mobile device, 80%

of the time is spent reviewing and correcting errors with synthesized audio of recognized

texts.
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Part I characterizes the challenges in identifying ASR errors through audio-only

interactions. Since experiences and listening rates for synthesized speech differ across

blind and sighted users due to differences in the experience with a screen reader, we

analyzed the ability to identify ASR errors with blind and sighted users separately. Therefore,

the first four user studies involve sighted participants recruited through Amazon Mechanical

Turk not using a screen reader. Findings and insights from these initial studies are used to

guide the experimental design for a follow-up in-depth study that investigates experiences

and the ability to identify errors across blind and sighted participants in a lab setup. In all

studies, error-identification accuracy is measured through speech dictation tasks.

Specifically, Part I of this thesis will explore each of the following research questions:

• RQ1: How frequently are ASR errors missed? (We will investigate RQ1 in Chapter 4)

• RQ2: Do different synthetic speech manipulations affect the user’s accuracy of

identifying ASR errors? (We will investigate RQ2 in Chapter 4)

• RQ3: For what tasks do blind and sighted users use ASR? (We will investigate RQ3

in Chapter 5)

• RQ4: How different are the experiences with speech dictation and listening between

blind and sighted users? (We will investigate RQ4 in Chapter 5)

• RQ5: Is the accuracy of identifying ASR errors different between blind and sighted

users? (We will investigate RQ5 in Chapter 5)

• RQ6: What are the blind and sighted users’ strategies of pointing to ASR errors?

(We will investigate RQ6 in Chapter 5)
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Chapter 3: Background

ASR and synthesized speech have been employed in a variety of accessibility scenarios.

Here, this chapter reviews state-of-the-art ASR systems, applications to accessibility with

a focus on blind users, studies related to the comprehension of synthesized speech and

ASR error through audio.

3.1 Automatic Speech Recognition and Error Identification

The performance of ASR systems have been improved with various techniques.

The techniques can be categorized into three approaches: acoustic-phonetic approach,

pattern recognition approach, and artificial intelligence approach [65, 66]. The early

ASR systems were built with the acoustic-phonetic approach [67]. This approach have

been particularly useful for various applications using speech sound such as multilingual

speech recognition, accent classification, speech activity detection systems, etc [68]. The

pattern recognition approach had been a dominant method to build an ASR system for

decades before the artificial intelligence approach emerged with the advance of deep

learning technique. The state-of-the art ASR systems employed artificial intelligence

approach using a deep neural network, reaching 5% word error rate (WER)1 recently [69].

1WER = S+D+I
N where S is the number of substituted words, D is the number of deleted words, I is

the number of inserted words, N is the number of all words in the reference.
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Though the prior studies achieved quite low error rates in restricted environments (e.g.,

noise-free sound, limited vocabulary, articulate speech), many factors such as speaker

variation and noise may cause ASR errors in practice [61, 70]. Therefore, researchers

have been exploring techniques for automatically detecting ASR errors to supplement

ASR systems, which are inherently error-prone [71].

Prior work has attempted to detect ASR errors automatically or to help users identify

ASR errors. A simple approach is to visually highlight words that are grammatically

incorrect, which is common in mainstream mobile devices, or words that have low ASR

confidence [72]. Researchers have also attempted to automatically detect ASR errors for

enhancing speech-based interfaces (e.g., confirming a voice request for clarification when

the system detects a potential recognition error [73]). While recent studies have developed

methods to predict ASR errors using neural networks [73, 74, 75], the predictions reach

70% precision and 60% recall at best, suggesting that this is an open area of research.

The focus of our study is on identifying ASR errors by users in non-visual context,

but a follow-on step is to correct those errors by editing the dictated text. With the

exception of Azenkot et al. [13], already discussed, work on editing ASR results has

assumed that users will visually review and edit the text. These visual editing approaches

can be defined as unimodal (speech used edit) and multi-modal (other input modalities

used to edit) [31]. Multimodal solutions have combined speech with modalities such

as pen, touchscreen, and keyboard input [76, 77, 78, 79]. As an example of unimodal

(speech only) correction, Choi et al. [80] developed a prediction model for distinguishing

whether a user’s utterance is intended to be a dictation input or a correction command,

achieving 84% accuracy in offline experiments. However, unimodal interfaces suffer from
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cascading side effects where speech input commands for correcting errors cause further

ASR errors [15].

3.2 Automatic Speech Recognition for Accessibility

People with disabilities have been early adopters of user interfaces with speech

input. Speech input can allow for efficient control of a computer, home-based IPAs (e.g.,

Amazon Echo, Google Home), or mobile device for people with visual (e.g., [81, 82,

83, 84]) or motor impairments (e.g., [85, 86, 87, 88, 89]). ASR can also provide access

to spoken information for people who are Deaf/deaf or hard-of-hearing (e.g., [90]). For

people with speech impairments, speech input has been used to support self-assessment of

pronunciation (e.g., [91, 92]) and to recognize a user’s dictation and reproduce it through

a synthesized voice (e.g., [93]).

In the Chapter 4 and 5, we characterize the strategies and challenges in detecting

ASR errors using synthesized speech (i.e., text-to-speech) among blind and sighted users.

When comparing these two user groups, prior work has shown that blind users make use

of speech dictation on mobile devices more often than sighted users [94], likely due to the

inefficiency of using touchscreen keyboards with a screen reader [60]. Blind users also

make use of speech input to access smartphone apps [84] and to browse the web [81, 82].

While in the latter cases, users can infer errors based on system response (e.g., which app

opens), for dictation tasks, ASR errors need to be identified by listening to the text-to-

speech output from the screen reader. This ASR identification task is the focus of our

study.
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3.3 Comprehension of Synthesized Speech

Several studies have concluded that blind people comprehend synthesized speech

better than sighted people. For example, Papadopoulos and Koustriava [95] showed that

the comprehensibility of synthesized speech was higher for blind users, probably due to

greater experience with screen readers, while natural speech was easier to understand

than synthesized speech for both blind and sighted users. Similarly, Stent et al. [96]

showed that users’ experience with synthesized speech positively impacts the accuracy

of transcribing fast synthesized speech; they tested 300 to 500 words per minute (WPM)

speech rates with users with early-onset blindness. A recent study by Bragg et al. [97]

measured the accuracy of answering questions based on synthesized speech ranging from

100 to 800 WPM, and found that the maximum intelligible speech rate was higher for

blind users than sighted users. Blind users have also rated the degree of understanding

ultra-fast synthesized speech, at a rate of 17-22 syllables per second (680-880 WPM),

higher than sighted users [98]. However, the differences between these two groups of

users may disappear when there are multiple streams of speech, called the Cocktail Party

environment [99]. In support of this, Guerreiro and Gonçalves [100] found no differences

between blind and sighted users in being able to focus on a specific source when exposed

to 2-4 synthesized concurrent speech sources.

While the above studies evaluated the intelligibility and comprehensibility of synthesized

speech and compared performance for blind and sighted people, they focused on speech

output without errors, which contrasts our focus on identifying ASR errors through synthesized

speech.
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Chapter 4: Characterizing the Challenges in Identifying ASR Errors With

Sighted Users

4.1 Motivation and Introduction

In this chapter, we quantify the problem of identifying speech recognition errors

through audio-only feedback and investigate potential solutions. While researchers have

examined understanding of and ability to transcribe synthesized speech output (e.g., [96,

98]), the impacts of different synthesized speech manipulations on the user’s ability to

identify speech recognition errors have not been investigated.

We report on a series of four controlled studies. The goal of the first study was to

characterize the problem of identifying errors based on audio-only output. For this in-

lab study, native and non-native English speakers dictated and listened to the recognized

version of a series of phrases in silent and noisy conditions. Overall, participants were

unable to identify more than 50% of recognition errors when listening to the audio of the

recognized text, with the most common difficulty being with multiple-word errors (e.g.,

”mean” to ”me in”, or ”storm redoubles” to ”stormy doubles”). Studies in Chapter 4.2

through 4.5 then investigated the effect of three synthesized speech manipulations (i.e.,

pauses between words, speech rate, and speech repetition) on the user’s ability to identify
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those recognition errors. Inserting pauses, in particular, could help to address the multiple-

word errors identified from the study in Chapter 4.2. Studies in Chapter 4.3 and 4.4

showed that adding a pause between words resulted in significantly higher error identification

rates than no pause, and that fast speech (i.e., 300 WPM) made identification more

difficult. Finally, The study in Chapter 4.5 evaluated another alternative—repeating the

audio output twice—and found that repetition did not improve participants’ ability to

identify errors over simply listening to the audio once.

4.2 Understanding Error Identification in Recognized Speech

Though previous studies have shown that reviewing dictated text using non-visual

output is a challenge [13], the extent of that challenge and the specific difficulties that

users encounter have not been quantitatively assessed. How many misrecognized words

do users miss when reviewing only through audio? What kind of errors is the hardest

for users to identify? To answer these questions, we conducted a lab-based study where

participants dictated a set of phrases using a mobile device and reviewed the system’s

recognition of each phrase by listening to audio output. To increase the generalizability

of the findings, we manipulated the level of background noise and participants’ fluency

levels, two factors that are known to impact speech recognition accuracy [101].

4.2.1 Method

This controlled experiment measured the impacts of background noise level and the

user’s English proficiency, on the WER of the speech recognizer and on the user’s ability
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Figure 4.1: The experimental setup.

to identify recognition errors based on synthesized speech output.

Participants. We recruited 12 native English speakers (5 male and 7 female) and 12

non-native English speakers (8 male and 4 female) through campus email lists. The native

English speakers ranged in age from 18 to 36 (M=23.4, SD=5.3), while the non-native

English speakers were 22 to 38 years old (M=26.3, SD=4.4). None reported having

hearing loss. Non-native speakers had lived in the United States for 0.3 years on average

(SD=2.3). Ten native speakers and eight non-native speakers had experience with speech

input before, while the remaining participants did not.

Procedure. Study sessions took 30 minutes and were conducted in a quiet room. As

shown in Figure 4.1, participants sat at a table on which a Galaxy Tab 4 and two speakers

were placed. We first collected demographic information and experience using speech

input. The silent and noisy conditions were then presented in counterbalanced order.

The tablet’s audio output was set to 75% of maximum volume, which was approximately

60db with the synthesized speech audio. For the noisy condition, the speakers played
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street noise at 50db. A custom Android application guided participants through 30 trials

per condition, where each trial consisted of: (1) reading a phrase displayed on the tablet

screen, (2) dictating the phrase, which included double-tapping the screen to indicate the

start and end of dictation, (3) listening to synthesized speech output of the recognized

phrase, and (4) identifying discrepancies, if any, between the dictated and recognized

text. This lattermost step involved reporting words that had been incorrectly recognized

and locations where extra words were inserted. Participants viewed the reference phrase

while listening to the synthesized speech, and verbally reported errors they heard to the

experimenter.

The phrases were randomly selected without replacement from a set with 200 phrases

extracted from the LibriSpeech ASR corpus [6]. Of the 2703 phrases in the Librispeech

development subset, 600 had 10 or fewer words, of which we randomly selected 200

that were of a complete sentence form, comprehensible, and contained no proper nouns

which would increase ASR errors. The IBM Speech-to-Text API was used for speech

recognition because it provides functions to analyze the speech recognition results (e.g.,

confidence scores and timing of words). The speech was synthesized on the tablet device

using the TextToSpeech function in Android 5.0 with the default speech rate of 175 WPM

(which is within the range recommended in the research literature as well [102]).

4.2.1.1 Data Analysis

Study Design. This study used a mixed factorial design with a within-subjects

factor of Noise (silent vs. noisy) and a between-subjects factor of Fluency (native vs.
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non-native). The silent and noisy conditions were presented in counterbalanced order.

Participants were randomly assigned to orders.

Measures and Data Analysis. To provide a baseline understanding of how well

the speech recognizer performed, we computed word error rate (WER) on the recognized

text [72]; lower rates are better. To assess the user’s ability to identify errors, we computed

precision—that is, when a participant thinks they hear an error, how often is it actually

an error—and recall—that is, how the proportion of true errors participants were able to

identify. We also employed phrase-level accuracy as a secondary measure, that is, whether

a participant identified at least one error in a phrase that contains one or more errors, or

no errors in a correct phrase. For this exploratory study, we focused on accuracy and did

not measure speed.

To compute these measures, we needed to judge whether each instance where the

participant pointed out an incorrectly recognized or inserted word was a true positive, or

that the lack of an error label was a true negative. Ambiguity arose when a single word

was recognized as multiple words (e.g., ”meet” to ”me it”). Is this (i) one ”incorrect word

– meet” or (ii) one ”incorrect word – meet” plus one ”inserted word – it”? We considered

both responses to be correct, with (i) counted as a truly positive and (ii) counted as two

true positives. As a third case, if the participant marked this error as simply one ”inserted

word – it”, we judged the response to include one false negative (the word ”meet” should

have been marked as incorrect) and one true positive (for the word ”it” being added).

WER and precision violated the normality assumption of an ANOVA (Shapiro Wilk

tests, p < .05), so we instead used 2-way repeated-measures ANOVAs with aligned

rank transform (ART) for these measures, a non-parametric alternative to a factorial
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Figure 4.2: WER, precision, recall, and phrase-level accuracy in Study 1. Recall results
showed that participants missed identifying more than half of the speech recognition
errors. Error bars show standard error (N = 12 per group).

ANOVA [103]. The recall was analyzed in the same way, but without the ART adjustment.

4.2.2 Results

Figure 4.2 shows the WER, precision, recall, and phrase-level accuracy in silent

and noisy conditions with native and non-native speakers.

Fluency affected speech recognition accuracy. Impacts of fluency and noise on

WER have been previously studied, so our intention in including these factors in the

experience was simply to increase the generalizability of our main measures (i.e., precision

and recall in identifying recognition errors). For completeness, however, we still examined

whether fluency and noise impacted WER. As expected based on past work [104], fluency

did impact WER. WER was higher with non-native speakers than native speakers, at 0.22

(SD=0.05) compared to 0.07 (SD=0.04); this difference was significant (main effect of

Fluency: F1,22 = 123.00, p < .001, η2 = 0.74). The WER with native speakers was close

to typical WERs achieved by recent speech recognition engines at 0.05-0.10 WER [7].

Different levels of background noise did not significantly impact WER (main effect of
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Noise: F1,22 = 0.79, p = .384, η2 < 0.01), nor was there a significant interaction effect

between Fluency and Noise (F1,22 = 0.16, p = .693, η2 < 0.01).

Participants missed more than half of the errors. In terms of participants’ ability

to identify the speech recognition errors based on audio output, across all conditions,

precision was 0.81 (SD=0.18), meaning that 19% of the errors that participants marked

were not true errors. Of greater importance for being able to produce accurate text input,

however, are the relatively low recall rates: on average across all four conditions, only

0.44 (SD=0.16) of true errors were identified—more than half the errors were undetected.

Phrase-level accuracy, which could allow a user to at least know they should re-dictate

an entire phrase even if they are not aware of all detailed errors, was higher, at 0.90

(SD=0.06) in the best case (native speakers + silent).

ANOVA (with ART if applicable) results revealed no significant main or interaction

effects of Fluency or Noise on precision or recall. There was a significant main effect of

Fluency on phrase-level accuracy (F1,22 = 7.48, p = .009, η2 = 0.14), whereby native

speakers had higher accuracy than non-native speakers, at 0.85 (SD=0.08) compared to

0.76 (SD=0.12). However, the main effect of Noise and the interaction effect between

Fluency and Noise on phrase-level accuracy were not significant.

Multiple-word errors were most difficult to identify. To better understand what types

of errors participants had trouble identifying, we qualitatively analyzed the 183 errors that

native speaker participants missed (i.e., instances of false negatives). Native speakers who

are most likely to use speech input in English were target participants in Studies 2-4, so we

focused on native speakers in this analysis. One research team member coded the missed

errors into the categories below. For validation, a second coder also independently coded
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all missed errors, and Cohen’s kappa showed strong inter-rater agreement (kappa=0.82,

95% CI: [0.76, 0.88]). The categorizations were as follows:

• Multiple-word errors (N=107; 58.5%). Multiple sequential words sometimes sounded

like another word or words. We included cases where multiple words were recognized

as a single word (e.g., ’a while’ and ’awhile’), multiple words were recognized

as other multiple words (e.g., ’storm redoubles’ and ’stormy doubles’), and single

words were recognized as multiple words (e.g., ’meet’ and ’me it’).

• Single word errors (N=57; 31.1%). This type of error includes single words that

were replaced with homophones or other single words with similar sounds (e.g.’inquire’

and ’acquire’, ’he’ and ’she’).

• Punctuation mark errors (N=7; 3.8%). There is typically no explicit indication of

punctuation marks such as apostrophes in text-to-speech output. If the recognized

word is exactly the same as the intended word except for a punctuation mark, we

classified it as a punctuation error (e.g., ’state’s’ and ’states’).

• Other (N=12; 6.6%). In some cases, the type of error was unclear. For example,

when there were many errors in a phrase the participant may simply have been

unable to remember them all.

4.2.3 Summary and Discussion

Across both user groups, participants missed over 50% of recognition errors when

listening to the audio playback. Phrase-level accuracy, which would allow a participant
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to know they should re-dictate an entire phrase, was higher but still left many unidentified

errors (10% of phrases). The majority of the errors that participants did not notice

were classified as multiple-word errors. A potential solution to address this type of

error is to emphasize the individual words in the text-to-speech output by adding pauses

between words—an approach that we focus on in Studies 2-4 alongside other simple

output manipulations. That there were no differences in WER or participants’ ability to

identify recognition errors between different background noise levels suggests that we

may have needed a wider range of noise levels to properly assess that factor.

4.3 Improving Error Identification Through Speech Rate and Pause

Study 1 showed that participants missed a substantial number of errors when listening

to the confirmation audio clips, with the most common type of missed error being a

multiple-word error. In Study 2, we focused on a straightforward potential means of

addressing this problem: adding artificial pauses between words in the speech output,

which should allow the user more easily distinguish individual words. Inserting pauses in

synthesized speech affects prosody and elision—the latter being when successive words

are strung together while speaking, causing the omission of an initial or final sound in

a word. While this change is not ideal for many uses of text-to-speech, it is potentially

useful for helping users to correct recognition errors with audio-only interaction.

This study isolated the error identification component of speech input and correction.

Fifty-four crowdsourced read a series of phrases that had been dictated in Study 1, listened

to corresponding confirmation audio clips (i.e., text-to-speech output of what the system

25



Figure 4.3: Screenshot of the online testbed used for Studies 2, 3, and 4, showing a single
trial. A trial consisted of reading a presented phrase, listening to an audio clip of what a
speech recognition engine had heard, and marking errors in the recognized version (i.e.,
discrepancies between text and audio)..

had recognized), and identified discrepancies (recognition errors) between the presented

text and the audio output under varying conditions: no/short/long pause and three speech

rates.

4.3.1 Method

For this study and the two subsequent ones, we recruited crowdsourced participants

on Amazon’s Mechanical Turk to be able to run a series of studies with a larger and more

diverse sample than would have been feasible in the lab.

Participants. The 54 participants (33 male, 21 female) ranged in age from 21 to

58 (M=33.4, SD=8.8). All participants were native English speakers, and none reported
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hearing loss. Just over half (N=29) had experience in using speech input. All participants

reported completing the study in a quiet room.

Procedure. Participants were directed to an online testbed that guided them through

the 45-minute study procedure. The procedure began with a background questionnaire,

followed by instructions about the overall tasks. Participants were then shown a sample

phrase and asked to adjust the sound volume to ensure they could easily hear the audio

clip.

The task consisted of identifying discrepancies between presented text phrases and

audio clips, where the audio clips may contain errors made by a speech recognizer. To test

realistic speech recognition errors, the pairings of presented phrases and audio clips were

taken from the speech input collected during Study 1. That study resulted in 600 pairs

of presented and recognized phrases, where 32.4% of the recognized phrases included at

least one error. The Say app in Mac OS X was used to generate the synthesized speech,

including pauses.

Figure 4.3 shows an example trial, with the presented phrase and an audio clip

widget. After clicking to listen to the audio clip once (a single time; no replays allowed),

the participant answered (yes/no) whether the audio clip had matched the presented phrase.

The page included boxes that mapped to each word in the presented phrase as well as

locations before and afterwords where extra words could appear. Participants marked

all discrepancies between the presented text and the audio by clicking the corresponding

boxes. The boxes were only enabled after the audio clip finished playing, so participants

could not mark errors while actively listening to the audio. The presented phrase was

visible for the duration of the trial. The ’next’ button was enabled only after the participant
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had reported whether the audio contained any errors.

Participants first completed six practice trials to familiarize themselves with the

task. Practice trials used a typical text-to-speech output setting of 180 WPM and no

pauses between words. After each practice trial, participants were shown the correct

answer as feedback. The experimental conditions were then presented in counterbalanced

order, with 20 test trials per condition. Phrases were randomly selected from the set of

600 with no replacement, and different phrases were used for practice and test trials.

After finishing all conditions, participants had to answer questions about easiness and

preference of conditions.

Study design. Study 2 used a 3x3 within-subjects design with factors of Speech

Rate (100, 200, and 300 WPM) and Pause Length (no pause, 1ms, and 150ms). Order or

presentation for the nine conditions was counterbalanced using a balanced Latin square

(in fact, two squares due to having an odd number of conditions). Participants were

randomly assigned to orders.

The 1ms pauses, while too short to cause a detectable silence in the output, were

used to eliminate elision in contrast to the ’no pause’ condition. The 150ms pause length

was selected based on pilot testing different lengths (1 to 200ms) to identify a short, yet

distinguishable pause. Because the effectiveness of pause lengths and error identification,

in general, may be impacted by the speech rate, we included three speech rates: one close

to default rates in commercial text-to-speech systems (200 WPM), a slower rate (100

WPM), and a faster rate (300 WPM).
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4.3.1.1 Data Analysis

Like Study 1, we computed precision, recall, and phrase-level accuracy of identifying

errors in the audio clips. Two participants were excluded from the analysis because they

did not mark any words as errors in one condition, making it impossible to calculate the

precision. Although our focus is on how well participants identify errors, for completeness

we also report on trial completion time (time from the start of a trial to clicking the ’next’

button).

However, low trial completion times are not necessarily our goal, since they could

be due to not noticing and thus not taking the time to mark errors. Perhaps more importantly,

the length of the audio clips varies by condition, so we also report on descriptive statistics

for audio clip length.

Precision, phrase-level accuracy, and trial completion time violated the normality

assumption of ANOVA (Shapiro-Wilk tests, p < .05). Therefore, 2-way repeated-measures

ANOVAs with ART was used, with Wilcoxon signed-rank tests and a Bonferroni correction

for posthoc pairwise comparisons. For recall, a 2-way RM ANOVA was used with paired

t-tests for posthoc pairwise comparisons.

4.3.2 Results

Figure 4.4 shows our primary measures of precision, recall, and phrase-level accuracy,

along with trial completion time for completeness.

Pauses and slower speech improve recall. Recall ranged from 0.48 to 0.67 across

the nine conditions. Pause Length significantly impacted recall (F2,408 = 1.47, p <
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Figure 4.4: Precision, recall, phrase-level accuracy, and trial completion time in Study 2.
The shaded portion in trial completion time indicates the average length of audio clips in
that condition. Participants identified errors most accurately with the 200 WPM speech
rate and 150ms pause. Error bars show the standard error (N = 52).

.001, η2 = 0.07). All posthoc pairwise comparisons were significant (p < .05), showing

that as pause length increased, so did recall. Speech Rate also significantly affected recall

(F2,408 = 0.66, p < .001, η2 = 0.03). Posthoc pairwise comparisons showed that the

300WPM speech rate resulted in significantly lower recall than the other two speeds (both

comparisons p < .05). The interaction between Speech Rate and Pause Length was not

significant (F4,408 = 0.89, p = .467, η2 < 0.01).

Pauses also impact precision. Precision ranged from 0.83 to 0.92 across the nine

conditions. Precision was significantly impacted by Pause Length (F2,408 = 3.71, p =

.025, η2 = 0.01), although after a Bonferroni correction no posthoc pairwise comparisons

were significant. There was no significant main effect of Speech Rate on precision

(F2,408 = 1.22, p = .297, η2 < 0.01), nor was the Pause Length x Speech Rate interaction
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Figure 4.5: Types of errors participants missed identifying in Study 2. Participants missed
33% fewer multiple-word errors with a 150ms pause compared to no pause.

effect significant (F2,408 = 1.53, p = .193, η2 < 0.01).

Secondarily, pauses improve phrase-level accuracy. Overall, Pause Length significantly

impacted phrase-level accuracy (F2,408 = 22.36, p < .001, η2 = 0.07), with posthoc

pairwise comparisons, showed that the differences between all pairs of pause lengths

were significant (all p¡.05). Speech Rate also significantly impacted phrase-level accuracy

(F2,408 = 6.46, p < .001, η2 = 0.01), but no posthoc pairwise comparisons were significant

after a Bonferroni correction. The interaction effect between Speech Rate and Pause

Length was not significant (F4,408 = 2.31, p = .058, η2 < 0.01).

Trial completion times and audio lengths as expected. The length of time to play

the audio clip consisted of a substantial portion of the trial completion time on average, as

shown in Figure 4.4. The downside of inserting pauses between words and slowing down

speech playback is that these changes lengthen the audio clip time. Accordingly, there

was wide variation in both trial completion times and audio clip length. Even the 1ms

pause added 10-15% to trial completion times across the three speech rates compared to

no pause, and 44-47% if just examining the length of the audio clips because the pauses

eliminate overlaps between words (eliminating elision).

Identifying multiple-word errors improved the most. To examine the effect of pauses
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on specific types of errors, we manually coded 2341 missed errors from all participants.

Figure 4.5 shows the number of errors of all types. The overall trend shows that all three

types of errors decreased as the pause increased. However, the most substantial reduction

was for multiple-word errors, which dropped 33.2% from the no pause condition (497

missed errors) to the 150ms pause condition (332 errors). In contrast, missed single-word

errors only dropped 18.9%, from 359 to 291, and punctuation errors dropped 28.2%, from

46 to 33.

Speech rate (WPM) Pause length (ms)
100 200 300 no 1 150

Ease 21 27 4 17 21 14
Preference 7 31 14 20 22 10

Table 4.1: Subjective vote tallies in Study 2. The 200 WPM speech rate and shortest
two pause lengths were the most preferred, while 300 WPM was least likely to be voted
easiest.

Speech rate impacted perceived ease and preference. The subjective responses

differed from the objective measures. Table 4.1 shows vote tallies for easiest and most

preferred speech rates and pause lengths. Pearson Chi-Square test of independence showed

that Speech Rate significantly impacted ease (X2
(2,N=52) = 16.42, p < .001) and preference

votes (X2
(2,N=52) = 17.58, p < .001). The 200 WPM speech rate received the most votes

for both ease and preference. Pause Length did not significantly impact either measure. In

open-ended comments, participants said that 200 WPM felt natural because it was close

to normal speech rate. While the accuracy with 150ms was highest, nine participants

felt that it sounded unnatural compared to the other two pause lengths. Four participants

reported that the 1ms pause, however, gave a moment to think as well as being more

natural than the 150ms pause.
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4.3.3 Summary and Discussion

Recall and phrase-level accuracy were highest with the longest pause length (150ms),

while the fastest speech rate (300 WPM) negatively affected recall. An important consideration,

however, is that inserting pauses and slowing down speech increases audio clip length and

thus overall task time. Compared to the baseline condition (i.e., 200 WPM, no pause), the

best combination (200 WPM, 150ms pause) resulted in a 31% increase in recall and a

4% increase in precision, though also almost doubled the playback length. Even the 1ms

pause made the audio 0.6-1.9s longer than no pause audio because it removed the elision

in the phrase. In terms of subjective responses, most participants preferred the 200 WPM

speech rate (which corresponds to [102]) and felt that 300 WPM made the task harder.

However, there was no impact of pause length on subjective measures, suggesting that

these short pauses (1ms, 150ms) may be acceptable compared to no pause even though

they add time to the task.

4.4 Improving Error Identification by Varying Pause Length

Study 2 showed that inserting pauses between words in the speech output enables

users to identify errors more accurately, but only included two pause lengths that were

greater than 0ms. Because adding pauses increases overall task time, we would ideally be

able to pinpoint the shortest pause length that is still effective, and use that during audio-

only speech input. To more precisely identify an ideal pause length than was possible in

Study 2, here we evaluate seven pause lengths ranging from 1ms to 300ms.
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Figure 4.6: Graphs of precision, recall, phrase-level accuracy, and trial completion time in
Study 3. The shaded portion in trial completion time indicates the length of audio clips.
There were no significant differences in accuracy measures due to pause length. Error
bars show standard error (N = 40).

4.4.1 Method

The study method is similar to Study 2 with the exceptions described here. The

speech rate was fixed at 200 WPM because there were no significant error identification

differences between 100 and 200 WPM in Study 2, but participants preferred 200 WPM.

We recruited 42 participants (23 male, 19 female). Participants were on average 37.2

years old (SD=11.7; range 21-68). All were native English speakers and none had hearing

loss. Twenty had previously used speech input. Four participants reported completing the

study with light background noise (e.g., light street noise or office), while the remaining

38 participants reported using a quiet room.

This study employed a within-subjects design with the single factor of Pause Length
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(1, 50, 100, 150, 200, 250, or 300ms). This range spans from imperceptible pauses to

highly obvious pauses. The seven conditions were presented in counterbalanced order

using a balanced Latin square, similar to Study 2. Participants were randomly assigned to

orders. Precision, recall, phrase-level accuracy, and trial completion time all violated the

normality assumption of ANOVA (Shapiro-Wilk tests, p < .05), so 2-way RM ANOVAs

with ART were used. Two participants who marked no errors in one condition were

excluded from analysis because their precision could not be calculated.

4.4.2 Results

Figure 4.6 shows results for the four main measures. Unlike in Study 2, there

were no significant main effects of Pause Length on recall, precision, or phrase-level

accuracy (respectively: F6,234=2.12, p = .052, η2 = 0.04;F6,234=0.68, p = .667, η2 =

0.02;F6,234=2.09, p = .06, η2 = 0.04). Average audio clip length ranged from 3.0s per

trial with the 1ms pause to 5.0s per trial with the 300ms pause. The trial completion time

was shortest with 1ms pause at 6.4s and longest at 8.1s for both the 250ms and 300ms

pauses. Following the performance results, there was no statistically significant difference

in easiness and preference due to Pause Length (Chi-square tests, p > .05).

4.4.3 Summary and Discussion

These results are unexpected and appear to contradict Study 2, where we had concluded

that the 150ms pauses resulted in significantly higher recall and phrase-level accuracy

than the 1ms pause. (Note that the worst-performing condition from Study 2 – no pause
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– is not included in this study.)

To confirm that the result of Study 3 was not obtained by chance and to better

understand this unexpected result, we conducted two additional studies, which we report

on briefly. First, we approximately replicated Study 3, but with 30 participants and

two adjustments to increase statistical power: only four pause length conditions (1, 75,

150, and 225ms), and 40 trials per condition instead of 20. This replication yielded a

similar result to what is reported above: no significant effects of pause length on recall,

precision, and phrase-level accuracy. A subsequent closer examination of the Study 2

results, however, revealed that an important yet not statistically significant interaction

effect may have affected those earlier conclusions: the 1ms vs. 150ms pause difference

may have arisen primarily from the 300 WPM speech rate condition, rather than the 100

WPM or 200 WPM conditions. As such, because we used only 200 WPM in Study 3, we

revisited the 200 WPM data from Study 2. A simple paired t-test showed that there was no

significant difference between the 1ms and 150ms pause for recall; similarly, Wilcoxon

signed-rank tests were not significant for precision or phrase-level accuracy. As such,

Study 3 does confirm Study 2 but also provides more nuance on the conclusions.

Again, the worst-performing pause length from Study 2 was the no pause condition,

which allowed us to conclude that inserting even 1ms pauses was better than no pause. To

confirm that this conclusion still held for a 200 WPM speech rate alone, we first conducted

a t-test and Wilcoxon signed-rank tests on the 200 WPM data from Study 2. The 1ms

pause resulted in significantly higher recall and phrase-level accuracy than no pause (all

p < .05). We then conducted a short follow-up replication: we collected new data from

28 participants who completed 25 trials in two conditions: 200 WPM with a 1ms pause
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and 200 WPM with no pause. The 1ms pause resulted in significantly higher recall (t-test,

t27 = 2.73, p = .011, d = 0.59) and phrase-level accuracy (Wilcoxon signed-rank test,

W = 216.5, Z = 2.43, p = .014, r = 0.32) than no pause.

Considering the results from both Study 2 and 3, we can conclude that inserting a

pause between words does help significantly in identifying speech recognition errors at

the preferred speech rate of 200 WPM, but the length of that pause does not matter. What

is most important is the existence of a pause, perhaps because it eliminates elision.

4.5 Improving Error Identification by Listening to Speech Twice

Inserting pauses between words lengthens the time for audio playback. As already

mentioned, even with only a 1ms pause, there was an additional 45% for playback time

over no pause with the text-to-speech engine we used in Study 2. In this final study, we

conducted an initial assessment of an alternative approach to making use of extra time:

simply repeating the audio clip twice compared to listening to it only once. Participants in

the earlier studies had only been allowed to listen to each audio clip once, to assess their

first-pass ability to identify errors. However, repeating the audio twice could improve

error identification. While it may be useful to assess the effects of repetition in more

detail in future work, for this first evaluation, we compared clips at 200 WPM played

only once versus played twice, with no pauses between words.
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4.5.1 Method

The method is the same as for Study 2 except as follows . Participants. We

recruited 30 participants (17 male, 13 female). Participants ranged in age from 23 to

66 (M=36.6, SD=11.5). All participants were native English speakers with no hearing

loss. All participants reported completing the task in a quiet room, except for one who

reported light background noise. Seventeen participants had previously used speech input

on their phone or computer.

Study Design. We used a within-subjects design with two conditions: Default

or Repeat. With Default, the audio feedback played once at 200 WPM with no pause

between words, whereas with Repeat the audio played twice at 200 WPM with no pause

between words and a chime sound (1.1s long) between repetitions. The two conditions

were presented in counterbalanced order. Participants were randomly assigned to orders.

Precision, recall, phrase-level accuracy, and trial completion time data all violated the

normality assumption (Shapiro-Wilk test, p < .05). Therefore, Wilcoxon signed-rank

tests were used to compare the two conditions.

4.5.2 Results

Figure 10 shows the measures for Study 4. There was no significant difference in

recall between the two conditions (W = 192, Z = −0.56, p = .591, r = 0.07). The

differences in precision and phrase-level accuracy were also not significant (respectively:

W = 184, Z = 0.49508, p = .633, r = 0.06;W = 213, Z = 1.0238, p = .315, r =

0.132). The average length of the audio clips was 2.1s (SD=0.01) in the Default condition
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Figure 4.7: Graphs of precision, recall, and phrase-level accuracy in Study 4. The
shaded portion in trial completion time indicates the average length of audio clips in
that condition. The only time was significantly different between the two conditions. The
error bars are standard errors (N = 30).

and 5.1s (SD=0.02) in the Repeat condition. Due to the longer length of audio, trial

completion time in the Repeat condition was also longer than in the Default condition, at

9.3s (SD=0.4) compared to 6.4s (SD=0.4); the difference was significant (W = 1, Z =

−4.76, p < .001, r = 0.61).

4.5.3 Summary and Discussion

Listening to audio clips twice did not improve the accuracy measures, although

it added length to the audio clip. However, this result should be considered to be a

preliminary exploration of the repetition approach, with more work needed to evaluate

potential interactions with speech speeds, pauses between words, and repetition.
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4.6 Discussion

Combined, the four studies show, first, that identifying speech recognition errors

through audio-only interaction is hard: participants missed identifying over 50% of errors

in Study 1, the majority of which included speech sounds strung across multiple words

(e.g., one word recognized as two separate words that sound similar to the original word).

Studies 2 to 4 then explored three straightforward speech output manipulations, showing

that adding even an imperceptibly brief pause (1ms) between words increases recall and

phrase-level accuracy. In terms of speech rate, a high speech rate of 300 WPM reduced

the ability to identify errors compared to slower and more subjectively comfortable rates.

Finally, repeating the audio output (i.e., playing it twice instead of once) did not impact

error identification, at least at a 200 WPM speech rate.

Designing Audio-Only Speech Input. The manipulations we evaluated all add

time to the audio output. One design choice would be to add very short inter-word pauses

to all dictated text output. However, it may be preferable to provide user control over

whether to achieve higher input accuracy at the cost of this extra time. Users could

listen to the text output using typical speech settings (e.g., no pause), then if they detect

the possibility of an error, they could review the text again in more detail using pauses

and slower speech. Depending on the speech recognizer’s accuracy, in fact, this could

be overall the most efficient interaction style, achieving both high speed and text input

accuracy. More work is needed. Users may also have individual preferences regarding

the tradeoff between speed and text input accuracy, where some may be more concerned

than others about missed errors. The level of concern will also vary based on task context,
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similar to how the acceptability of handwriting input recognition errors varies based on

context [105]. For example, sending an informal text message to a spouse likely does

not require the same level of attention to accuracy as writing an email to one’s work

supervisor.

Previous work has shown that experience with synthesized speech impacts comprehensibility

(e.g., [95]). As such, it will be important to investigate how experience may interact with

the effectiveness of pauses, speech rate, and repetition on audio-only error identification.

For example, users with visual impairments who are experienced with screen readers, will

likely perform differently than the sighted users included in our study. Another factor that

could impact the ability of users to identify errors when reviewing audio is the attentional

demand in many settings where speech is used, such as mobile interaction [106]. Related,

while we did not see an impact of background noise level on error identification rates in

Study 1, we hypothesize that our background noise was simply too quiet and that louder

noise would cause lower identification rates.

Limitations. Our study has limitations that should be addressed in future work.

First, though we purposely chose a single-factor design for Study 3 to bolster statistical

power, the follow-up data collection showed that there is an interaction effect between

pause length and speech rate, an interaction that should be examined further. Second, we

used a transcription task where participants dictated a presented phrase. This approach

allows for precise measurement of error identification rates (by comparing errors and

participant responses to the presented phrases) but is less realistic than a free-form dictation

task would be. Third, we reused the phrase set and errors from Study 1 for all subsequent

studies. It will thus be important to generalize the findings to different phrase sets. Fourth,
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participants were only provided with feedback on whether they had correctly identified

speech recognition errors during the practice trials in Studies 2-4 but not during test trials.

It is possible that such feedback, while not representative of real use, would have impacted

performance and subjective responses. Finally, while we did not observe any impacts due

to the quality of the synthesized speech, future work should examine the potential impacts

of different types of speech synthesis engines on error identification.

4.7 Conclusion

We reported on four studies to characterize and address the difficulty of identifying

speech recognition errors when using audio-only speech input. Study 1 revealed that by

listening to audio clips alone, users could identify less than half of the speech recognition

errors. We then addressed the most common type of error that participants had missed

in Study 1—errors where multiple words blended together—by inserting pauses between

each word and varying speech rate in the audio output. The simple solution of inserting

even a 1ms pause between words improved the ability to identify errors, while a fast

speech rate made the task more difficult, and repeating the audio output had no effect.

These findings have implications for speech-based text input for a variety of non-visual

contexts, and an important avenue of future work will be to extend the investigation to

accessibility for blind and visually impaired users.
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Chapter 5: Comparing Error Identification in ASR Across Blind and Sighted

Users

5.1 Motivation and Introduction

The study in Chapter 4 quantified and characterized the challenge of identifying

ASR errors. Studying sighted users, it showed that participants missed about 50% of

ASR errors when reviewing dictated text with no visual output and standard text-to-

speech synthesis (at 200 words per minute). Despite the importance of accurate audio-

only speech input for blind users—for example, blind users make use of speech input

at higher rates than sighted users [13]–the ability of screen reader users to identify ASR

errors has not been evaluated. Individuals with visual impairments who use screen readers

are known to comprehend synthesized speech better than sighted people [95]. This leads

to the following research questions: How do blind and sighted individuals’ experience

with speech input and concerns for ASR errors differ? How well can blind screen reader

users identify ASR errors when using speech input?

In this chapter, we report on an exploratory user study that compares blind and

sighted users’ experience with speech input and interactions with ASR errors to better

understand challenges and strategies in reviewing ASR errors through audio-only. Study
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sessions included a semi-structured interview on experiences with speech dictation and

synthesized text-to-speech output, followed by a speech dictation task where participants

were asked to identify ASR errors in their dictated text. We found that while both

user groups confirmed the importance of speech input, blind participants used speech

input more frequently than sighted participants (confirming results from [13]). Other

differences between the two groups included the most common uses of synthesized speech

(reading text on a screen for blind participants vs. conversational interfaces such as Siri

for sighted participants) and methods to review the inputted text (visual magnifier1 or

audio for blind participants vs. visual review for sighted participants).

During the initial interview, most participants reported that identifying ASR errors

is not challenging, but the performance data in our study suggests otherwise. In the

speech dictation task, participants in both groups were only able to identify around 40%

of ASR errors in the speech dictation task, and, counter to our hypothesis, there were no

significant performance differences between the two user groups. While the challenge

of identifying ASR errors through audio-only has been identified for sighted users in

a study in Chapter 4, sighted users can choose to review important text visually when

needed. That audio-only identification of ASR errors is equally challenging for blind

users with substantial synthesized speech experience—and who do not have the option

for visual review—emphasizes the importance of developing speech input techniques that

more accurately allow blind users to review and edit dictated text.

We show that identifying ASR errors with audio is even more difficult for longer

texts, indicating that the length of the message may need to be considered when designing

1Our blind participants included two legally blind individuals who used a magnifier to read text.
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interfaces for reviewing the dictated text. Based on the analysis of the audio recordings,

we found that blind participants dictated their messages slower than sighted participants,

perhaps compensating for system limitations, though this difference was not reflected

in the corresponding ASR errors. Similarly, we observed that shorter words were used

on average for longer messages yet more ASR errors were observed. Most importantly,

we identified three distinct strategies that participants used to indicate ASR errors in the

played back messages that could lead to novel interactions for reviewing ASR errors:

pointing to a specific word(s), indicating the location of the errors in the message, and

counting overall errors that they spotted.

5.2 Method

To compare blind and sighted users’ experiences with speech input and their ability

to identify ASR errors with only audio output, we recruited 24 participants and conducted

a two-part study that included a semi-structured interview followed by a speech dictation

task.

5.2.1 Participants

We recruited 12 blind participants (6 male, 6 female) who were screen reader

users and 12 sighted participants (5 male, 7 female) from campus email lists and local

organizations. The sample size was in line with typical sample sizes in this community

and designed to balance research goals with practical issues of recruitment and burden on

the participant community [103]. Blind participants ranged in age from 23 to 67 (M =
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ID Age Gender Visual impairment Age of onset ID Age Gender
B1 33 F Total blindness 27 S1 26 F
B2 40 M Light perception 35 S2 22 M
B3 30 F Legally blind 23 S3 22 M
B4 65 M Total blindness Birth S4 20 M
B5 52 F Total blindness 15 S5 19 F
B6 59 F Total blindness 1 S6 27 M
B7 63 M Light perception 40 S7 19 F
B8 23 F Total blindness 13 S8 19 F
B9 49 F Total blindness 34 S9 21 M
B10 54 M Legally blind 6 months S10 20 F
B11 67 M Legally blind Birth S11 19 F
B12 64 M Legally blind 50 S12 31 F

Table 5.1: Participant characteristics, with ”B” denoting blind and ”S” sighted
participants. All but B10 and S12 were native English speakers; B10 and S12 had lived
in the US for 30 and 27 years, respectively.

49.9, SD = 15.1) and sighted participants were 19 to 31 years old (M = 22.1, SD =

3.9). Blind participants reported being totally blind (N = 6), having some light perception

(N = 2), or being legally blind (N = 4). All but two participants (one blind and

one sighted) were native English speakers2. Background information for all participants

is shown in Table 5.1; blind participants are denoted ”B#” and sighted participants are

denoted ”S#.”

Our blind participants were all familiar with synthesized speech since it serves as

speech output for their screen readers; participants used a screen reader several times a

day (N=11) or several times a week (only B11). Only one participant across both groups

(B12) reported some hearing loss3.

2However, the two non-native English speakers (B10, S12) were not found to be outliers in terms of
message length, ASR errors, or missed errors on the speech dictation task, with outliers at 1.5 times the
interquartile range [107]. Thus, their data are included in the analysis.

3However, we did not find B12 to be an outlier in terms of message length, ASR errors, or missed errors
on the speech dictation task, with outliers at 1.5 times the interquartile range. Thus, B12 was also included
in the analysis.
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5.2.2 Procedure

Study sessions took up to 1.5 hours and were conducted in a quiet room. The whole

procedure was video recorded for later analysis of participants’ input in the interview and

speech dictation task. The session started with a questionnaire to collect demographic

information and experience with a screen reader.

Semi-structured Interview. We then conducted a semi-structured interview ( 30

minutes) on prior experience with synthesized speech, speech input, and ASR errors. For

the questions about ASR errors, we defined the speech recognition errors as texts recorded

incorrectly by the device because it misunderstands a word or words that the user said.

Specifically, participants responded to questions about:

• frequency of use, usefulness, devices, and applications for synthesized speech output

• frequency of speech rate adjustment and reasoning behind these adjustments

• frequency of use, usefulness, devices, and applications for speech input

• maximum length for previously dictated text, and reviewing practices for dictated

text

• frequency of encountering and fixing ASR errors

• ASR error importance and how that relates to specific situations

• strategies for identifying and fixing ASR errors

For the two questions regarding the frequencies of using speech input or synthesized

speech, frequencies were measured in an absolute 7-point scale adopted from Rosen et
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Figure 5.1: Study setup for the speech dictation task, showing researcher (left) and
participant (right) perspectives. The screen was blank across all participants to control
for access to visual information.

al. [108] (Never, Once a month, Several times a month, Once a week, Several times a

week, Once a day, Several times a day). For example, the absolute scale was used when

asking ”How often do you use speech input to dictate text?”

Another four questions which were relative to the frequency of using the speech

input or synthesized speech employed a relative 6-point scale (Never, Very rarely, Rarely,

Occasionally, Very frequently, Always) [109]. For example, a question with the relative

scale asked, ”How often do you encounter speech recognition errors when you dictate

text?”

Speech Dictation Task. Participants then completed a speech dictation task using

our custom experimental testbed built for the Apple iPhone 8 and using iOS’s built-in

ASR4 and synthesized speech5 features. A female voice with 175 words per minute

(WPM) speech rate was used for the synthesized speech. The study setup is shown in

Figure 5.1. We employed the free-form text entry task (i.e., composing the text for speech

input by a participant) instead of asking participants to read reference text. The free-form

4https://developer.apple.com/documentation/speech
5https://developer.apple.com/documentation/avfoundation/speech_

synthesis
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text entry task is more realistic than reading reference phrases for the speech input because

people usually compose a text rather than reading a reference text when they use speech

input. Moreover, the free-form text entry task allows us to recruit blind participants from

the general population without restrictions on Braille literacy. If the reference phrases had

been given to the blind participants in Braille for this task, the participants would have to

be Braille readers who are from around 10% of all people with visual impairments [110].

The task consisted of four practice trials followed by 30 test trials. For each trial the

participant composing short text or email messages in response to a series of prompted

scenarios, then reviewing the recognized text to identify any ASR errors. The overall task

description was as follows:

”In this task, you will be given a series of situations in which you need to

compose a text message or email. For each situation, you will listen to a

description with a chime sound at the beginning, then dictate a short text

message or email with 1-2 sentences in response.”

The 30 different prompts for the test trials were presented in random order. The test

prompts were selected from a list of short scenarios (”situations”) studied by Vertanen

and Kristensson [111] for a freeform text composition task, such as: ”Your housemate

has been sick for the last week. You are currently shopping downtown. See if he requires

anything.” We asked participants to limit the dictated messages to 1-2 sentences so that

they would remember their original input easily when it came time to review for ASR

errors. Participants were allowed to make up names for message recipients when desired.
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As shown in Figure 5.1, the screen was blank throughout the task so that neither blind nor

sighted participants received visual feedback. After completing the 30 trials with short

scenarios, the testbed presented three additional trials (prompts for narrative writing from

New York Times [112]) with open question prompts that were intended to elicit longer

descriptive answers, such as: ”You are filling out an online questionnaire about customer

reviews of products. Describe how much you trust online reviews and why.” In these three

trials, participants were given no length limit for their dictated messages.

At the start of each trial, the testbed played a chime sound followed by an audio

recording of the prompt description. We chose to use pre-recorded audio spoken by a

native English speaker for all the prompts to control for any potential effect of synthesized

speech for this description on participants’ ability to later identify ASR errors through

synthesized speech. Participants were allowed to repeat the prompt multiple times to

ensure that they understood it and were ready to dictate a response. Participants then

double-tapped on the iPhone screen, dictated their message, and double-tapped again to

end the dictation. Sound effects played to provide feedback when the system started and

stopped recording (the on/off sounds used for Siri on iOS), to help participants speak

only while the ASR was activated. Immediately following dictation, the text recognized

by the ASR system was played using synthesized speech. After listening once to the

synthesized speech output, participants were asked to verbally report any difference(s)

between the original speech they had dictated and the text they heard via the synthesized

speech output. Participants also reported how certain they were that they had identified

all errors in the message by using a 4-point scale (very certain, certain, uncertain, very

uncertain). Participants were allowed to redo the dictation for a trial once and only once
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if they felt they had made a mistake while speaking (e.g., stumbling over words). Of all

participants with 720 trials in total, S5, B1, and B12 opted to re-dictate their input in 1, 1,

and 6 trials with short scenarios, respectively. Only one of these instances (a trial of B12)

occurred after the synthesized speech output had played. An additional three trials with

short scenarios for B5 were redone because the participant’s accidental input caused the

system to prematurely end the trial. B12 also re-dictated the input in one trial with open

questions while speaking in the first attempt6.

Post-study questions. At the end of the study, we asked questions about the overall

experience of reviewing the dictated message during the task. Specifically, participants

reported their agreement to the following statements by using a 5-point scale (strongly

agree, agree, neither agree nor disagree, disagree, strongly disagree) from Rosen et al. [108]:

• ”The system correctly recognized almost everything I said.”

• ”It was difficult to identify errors made by the speech recognition system.”

Open-ended questions were used to obtain a rationale for their responses as well as

feedback on strategies and challenges in identifying errors.

5.2.3 Measures and Data Analysis

The responses from the participants in the semi-structured interview and speech

dictation task were transcribed from the videos of the user study and used to analyze the

results. We logged the timing of speech input and the ASR results from the experimental

testbed.
6The trials where participants re-dictated their input were not found to be outliers, with outliers at 1.5

times the interquartile range. Thus, these trials were included in the statistical analysis.
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5.2.3.1 Semi-structured Interview

We qualitatively coded the responses of open questions using a thematic coding

method to identify the major themes in the participants’ responses [113]. Two researchers

collaborated to code the interviews. The first researcher transcribed all of the interview

data. The second researcher prepared the initial codebook based on transcription and

coded the answers. The first researcher then conducted a peer review of the codebook

and of randomly selected transcripts from two blind and two sighted participants. There

were 10 disagreements out of 72 coded answers. The two researchers then resolved the

disagreements through consensus and updated the codebook with 132 codes for 16 open

questions to include two new codes about why participants were using synthesized speech

and the method of reviewing text from ASR. Answers for all Likert-scale questions were

analyzed with the Mann-Whitney U test, a non-parametric test that allows us to compare

ordinal data from the two participant groups.

5.2.3.2 Speech Dictation Task

The speech dictation task used a mixed factorial design with a within-subjects factor

of Prompt (short scenarios vs. open questions) and a between-subjects factor of Vision

(blind vs. sighted). To analyze ASR errors from the speech dictation task, we manually

transcribed the participants’ original speech input and the verbal report of the ASR errors

from the video recordings.

The differences between the manually transcribed speech input and the ASR results

recorded by the experimental system were considered to be ASR errors. We defined
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an error instance as an ASR error with a word or a group of consecutive words. Error

instances were coded based on their identification by participants as one of three levels of

correctness:

• Identified: a participant identified mentioned the specific incorrect word(s). For

example, if the original input is ”Can I have the vendor’s price lists?”, the ASR

result is ”Can I have the vendor’s price list?” (i.e., missing an ’s’), and the participant

says, ”I said lists instead of list.”, then an identified error instance is ”lists.” Error

instances with multiple consecutive words were considered to be identified if at

least one of those words was identified exactly, based on the assumption that users

would be able to locate that error instance if they wanted to edit it.

• Noticed: an error instance was noticed by the participant but was described with

some ambiguity. If the participant says, ”I think there was an error in there.” in the

above example, ”lists” is a noticed error instance.

• Missed: a participant did not notice any of the misrecognized words or error

instances.

Based on the coded errors, we computed precision (when a participant thinks they

identified an error, how often is it actually an error) and recall (the proportion of error

instances that participants were able to identify). We measured the WER of the ASR

results to see how frequently errors occurred. The length of messages was also measured

as the number of characters and the number of words in the original speech input. WER,

recall, and precision did not violate the normality assumption (Shapiro Wilk test, p >
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.05) and were analyzed using Welch’s t-tests (α = 0.05). Message length violated the

normality assumption for sighted participants (Shapiro Wilk test, p = .023), so we used a

Mann-Whitney U test, a non-parametric alternative to the t-test, for this measure.

We looked into how participants reported the ASR errors during the speech dictation

task from the transcribed data. The strategies of reporting errors would be potentially

related to how people identify and remember the ASR errors while they are reviewing an

ASR result. We found three distinct strategies that participants employed to report the

ASR errors on the short scenario trials:

• Finding a specific word(s): an error instance was pointed out with the specific

incorrect word(s). For example, a participant reported errors by saying ”I think

there was one error where it missed the word ’the’”, ”last word it said ’think’ instead

of ’thinking’.”

• Indicating the location: an error instance was indicated by its location in the text.

For example, a participant said ”I think the last part is messed up [...]” in this case.

• Counting: a participant counted the errors in ASR result (e.g., ”I heard two errors.”).

The strategies were not used exclusively; participants used one or more than one

method in a trial. A total of 274 error instances from 2 blind and 2 sighted participants

(randomly selected) were independently coded by two researchers for interrater validation.

There was a substantial agreement in the level of correctness (Cohen’s kappa7 =0.75) and

almost perfect agreement in the strategy of reporting errors (Cohen’s kappa=0.83) [115].

7Using cohen.kappa from R package ’psych’ [114].
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After the validation process, one of the two researchers coded the error instances from all

participants.

5.3 Results

5.3.1 Insights from Semi-Structured Interview

The main themes from the interview included experience with synthesized speech

and speech input as well as strategies for detecting ASR errors.

5.3.1.1 Experience with Synthesized Speech

While 11 out of 12 blind participants reported using their screen readers several

times a day, when asked about the frequency of use for synthesized speech only 9 participants

reported several times a day. We suspect that the other 3 participants might have not

associated the term ”synthesized speech” with their screen reader voice when answering

this question. Still, blind participants reported using synthesized speech more frequently

than sighted participants (U = 17.5, p < .001; r = 0.60); only two of the 12 sighted

participants used synthesized speech on a daily basis (Figure 5.2). Participants in both

groups reported using synthesized speech with a range of devices, such as a computer,

smartphone, tablet, watch, TV, or smart speaker (e.g., Amazon Echo, Google Home).

However, while smartphones were the most popular device for both groups, only one

sighted participant used synthesized speech on a computer versus 9 of the 12 blind participants.

Blind participants also primarily used synthesized speech when using screen readers

(N = 12), whereas sighted participants used it mostly with conversational interfaces
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Figure 5.2: Reported frequency of using synthesized speech (N = 24).

such as asking Siri a question (N = 6) and calling (N = 3).

Unsurprisingly, as indicated by prior studies (e.g., [97, 98]), blind participants

preferred faster speech rates compared to sighted participants. More than half of the

blind participants (N = 7) preferred a speech rate setting of 51-100 (around 250-780

WPM [97]) on iOS, which is faster than the default speech rate of 50; the rest preferred

the default (N = 4) or a slightly slow speech rate (N = 1). Blind participants who used

faster speech than the default rate were used to listening to fast synthesized speech. Some

of the participants mentioned the balance of the comprehensibility and speed. When

asked about the speech rate, B3 said ”[...] I think mine is set to something like 57% and

basically I can understand everything. If it’s faster than that, I may miss some things that

it says because it may sound jumbled. If it’s slower than that, it may be aggravating [...]”

On the other hand, sighted participants were not concerned by the speech rate, saying they

did not have any preferred speech rate (N = 7) or that they preferred the default (N = 5).

Nine out of 12 blind participants had experience adjusting the speed of synthesized

speech, while none of the sighted participants did. Only one of the blind participants, B7,

reported doing so frequently, using a fast speech rate for standard listening, but slowing it

down for books or articles. Other blind participants adjusted the speech rate occasionally
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Figure 5.3: Reported frequency of using speech input for dictation and voice commands
(N = 24).

(N = 4) and very rarely (N = 4) for various reasons: reading certain words or content

carefully (e.g., email, books, address), when letting other people use their device to get

help or share contents, when getting used to a new device, and just for variety’s sake. B2

said, ”[...] If I’m working on someone else’s device I would have to adjust their rate to

match what my rate is [...] If I’m teaching, I would have to adjust it, so another person

could understand because it may be too fast for them [...]”

5.3.1.2 Experience with Speech Input

Blind participants also used speech input more frequently than sighted participants

(U = 26, p = .006; r = 0.49), as shown in Figure 5.3 (and confirming [13]). Across

both groups, participants most commonly used speech input on a smartphone compared

to other devices. In terms of specific tasks, blind participants regularly used speech

input for writing a text for various applications (N = 7), such as text messages, emails,

and filling out online forms while only a few sighted participants used speech input for

writing text messages (N = 4). It was more comfortable to write texts with speech input

than keyboards for blind participants who wrote texts with speech input. B2 said, ”[...]

Probably my main reason I mean is really just the convenience of it (speech input) so I
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Figure 5.4: Perceived frequency of encountering ASR errors when dictating text (N =
24)*

* Participants in ”No experience” had not entered text with speech input. Participants in ”Never”
had entered text with speech input, but never encountered any ASR error.

don’t have to really type anything out unless I have to more so the quickness of it.” The

majority of both blind (N = 9) and sighted (N = 9) participants used conversational

interfaces such as calling, asking Siri questions, opening apps, and setting timers.

Regardless of whether they regularly used speech input for dictating text, to understand

differences in how speech input is being used, we asked participants to describe the length

of the longest text that they had experience dictating. Of the ten blind participants who

had experience dictating text, eight had entered text longer than two sentences and four

of those eight had dictated several paragraphs at a time. In contrast, only one sighted

participant had dictated an entire paragraph, whereas the remaining eleven reported dictating

at most 1-2 sentences.

5.3.1.3 Experience with Detecting ASR Errors

As seen in Figure 5.4, the majority of participants in both groups felt that they

encountered ASR errors at least occasionally when dictating text; there was no significant

difference between the two groups on this measure (U = 73, p = .976). When participants

were asked an open-ended question about how concerned they were about ASR errors,
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the majority of blind participants expressed deep concerns about ASR errors (N = 9)

versus only some of the sighted participants (N = 5). In particular, B1 said, ”I care

about them a lot because I don’t want people to think that I’m stupid and I want them

to understand what I’m talking about, what I’m trying to say to them.”, highlighting a

previously studied misconception on the relation between spelling errors and cognitive

abilities such as intelligence and logical ability [95,162]. B10, one of the two blind

participants cared moderately, said ”To some extent. I wouldn’t say I care extremely

or I don’t care just as much as I could have it correct.” The only blind participant, B3,

who care a little said ”... [I care] a little because if she can pick up 96% of what I’m

saying, I’m happy with that.” No blind participant and four sighted participants reported

not being concerned about ASR errors. Those participants did not necessarily feel that

ASR was accurate. For example, S12 said, ”I mean I think it’s a frustration but it’s not

a big deal. If it’s an informal text it’s fine [...] I wouldn’t use it [speech input] to write

something that’s a little more important because it’s not as reliable.”

As illustrated by the S12 comment, the importance of ASR errors also varied depending

on the situation. To explore such use cases, as a follow-up question we asked participants

if there were some situations in which they were more concerned about ASR errors than

others. When necessary, we further clarified this question by providing situation themes

such as: specific tasks, certain contents, communicating with different people, and being

more rushed. Blind participants reported paying more attention when sending a message

to someone in a professional relationship such as a work colleague and client (N = 5)

or in a rushed situation to avoid wasting time in fixing ASR errors (N = 3). Blind

participants also focused on punctuation marks, certain words that may be likely to be
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Figure 5.5: Frequency with which participants reported reviewing and editing text after
dictation (N = 24).

misrecognized by the speech recognizer (e.g., addresses, proper nouns, numbers), and

content that may be hard to understand with incorrect speech recognition. B3 said ”[...]

if you don’t put a period, of course, it’s one run-on sentence so again I guess that’s user

error because if I say period or comma it’ll give the space [...]” B7 said ”[...] I need to

speak a person’s name, or a location that is something the speech recognition software is

very unlikely to recognize and it’s essential that the name or location be accurate.” On the

other hand, sighted participants said they were most concerned about ASR errors when

sending emails to multiple people and when performing a voice search (N = 6). Some

of the sighted participants (N = 4) mentioned rushed situations where they have limited

time to review and fix ASR errors. For example, S6, said, ”If I’m more relaxed I don’t

really care but if I’m rushed and I need to like articulate a text message then I’m going

to take the time to actually type it out [...]” Like blind participants, sighted participants

also mentioned concerns about ASR errors when sending a message to a person in a

professional relationship compared to family or friends (N = 6).

The frequency of reviewing dictated text was not significantly different between

blind and sighted participants (U = 49, p = .168), as shown in Figure 5.5. Unsurprisingly,

blind participants were more likely to review dictated text via audio (synthesized speech
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output). Pertaining to the blind participants that reported having reviewed their dictated

text (N = 10), the majority had used primary audio (N = 8) and only (B10, B11)

had used audio plus a magnifier. Of the sighted participants, only one (S9) had used

audio to review dictated text and did that in conjunction with visual output by listening

to the dictated text first, then visually checking if it sounded like there were ASR errors.

The remaining sighted participants reported having reviewed dictated text only visually

(N = 9) or had no experience with speech input for text entry at all (N = 2).

Though the study in Chapter 4 showed that the accuracy of identifying ASR errors

by audio playback is only around 50%, when asked how difficult it is to identify ASR

errors, participants were not aware of such challenge. All participants who had experience

with reviewing dictated text thought that identifying ASR errors is not challenging. For

example, B2 said ”not challenging at all”, S2 ”not challenging”, S9 ”not that hard”,

and B4 ”not really challenging.” Exceptionally, B11 pointed out that some ASR errors

are not easy to detect due to the similar sounds with original input: ”[...] you can easily

hear an error, but you may not see it, you might not know it’s an error. In other words,

”to” and it might put two ’o’s instead of one or something.” Perhaps, the rest of the

participants did not realize the challenge of identifying ASR errors with synthesized

speech due to difficulty invalidating what they heard (for the blind participants) or due

to limited experience with the audio review (for the sighted participants).

61



Figure 5.6: Recall and precision for the blind and sighted participants in trials with
short scenarios (SS) and open questions (OQ). The trials with open questions had longer
messages with higher error rates.

5.3.2 Results from Speech Dictation Task

We report on WER and length of messages, and analyze participants’ performance

in identifying ASR errors based on precision and recall. Our primary analysis compares

blind and sighted participants in the short scenario (SS) trials. As a secondary analysis,

we report on the open question (OQ) trials, comparing them to the SS trials. Given

that we purposely chose to focus on the SS trials and did not counterbalance the SS

and OQ trials, and that there are many more SS than OQ trials, this analysis should be

considered exploratory—useful for informing future research directions but not meant to

be conclusive. We further analyzed the characteristics of speech input from the participants

(i.e., speech rate and length of words) and the error instances (i.e., types of errors and the

strategy of reporting errors). The analysis provides the empirical findings of the patterns

of entering a text using speech input and identifying errors.

The hypotheses of this task are: (i) blind participants can identify the ASR errors

with audio more accurately than sighted participants; (ii) ASR error identification is

harder with longer speech input.

62



5.3.2.1 Differences in Identifying ASR Errors

Figure 5.6 shows the average recall and precision of identifying ASR errors.

Short scenario trials. While prior studies have shown that blind users comprehend

synthesized speech better than sighted users [97, 98], this did not translate to a significantly

improved ability to identify ASR errors through synthesized speech. Recall, the proportion

of error instances correctly identified, was 0.42 (SD = 0.13) for blind users and 0.38

(SD = 0.16) for sighted users. This difference was not statistically significant (t21 =

−0.64, p = .529). Precision, the proportion of ASR errors identified by the participants

that were actually errors (not mistakes on the participant’s part), was also not significantly

different across the two groups: on average 0.72 (SD = 0.17) for blind participants and

0.56 (SD = 0.20) for sighted participants (t17 = −1.54, p = .140).

Open question trials. Compared to the short scenario trials above, identifying ASR

errors was more challenging with the three open question trials. The average recall of

all 24 participants was 0.25 (SD = 0.24), which was significantly lower than SS trials at

0.40 (SD = 0.15) (W = 42, p = .001; r = 0.45). Specifically, the recall was 0.25 (SD =

0.24) and 0.26 (SD = 0.21) for blind and sighted participants, respectively in OQ trials.

The average precision in open question trials was 0.50 (SD = 0.40) for blind participants

and 0.69 (SD = 0.34) for sighted participants. Average precision of all 24 participants

in OQ trials was 0.59 (SD = 0.37) in OQ trials and 0.64 (SD = 0.20). There was no

significant difference in precision between the two types of trials (W = 91.5, p = .627).

The most common strategy was finding a specific word(s) which was used by 12

blind participants in 156 trials and 12 sighted participants in 137 trials. Some participants
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Figure 5.7: The strategy used to report different types of ASR errors by the blind and
sighted participants. There is no strategy in a cell if no error occurred or a participant
missed all errors.

counted the errors when they identify ASR errors. The eight blind and eight sighted

participants had reported the errors by counting the number of errors in 36 and 34 trials,

respectively. Nine blind and Eight sighted participants indicated the location of errors in

29 and 18 trials. Figure 5.7 shows that some participants (B6, S4, S5, S7, S8) tend to use

the same strategies across different types of errors.

The length of the message and the number of errors in the ASR results may have

influenced the strategies. When participants counted the ASR errors or indicated the

location of errors, the length of the message was 38.2 (SD = 24.3) and 40.6 (SD = 27.7)

words on average, respectively. The length of the message was only 30.4 (SD = 19.2) on

average in trials where participants pointed out the specific word to report ASR errors. In

trials where participants found a specific word, the ASR results had 1.75 (SD = 1.5) error

instances on average while there were 2.4 (SD = 1.9) and 2.4 (SD = 2.0) error instances

on average in trials where participants counted or indicated the location of words.
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Figure 5.8: WER and length of dictated messages for the blind and sighted participants
in trials with short scenarios (SS) and open questions (OQ). Participants dictated longer
messages in trials with OQ than SS. There was no significant difference in WER between
sighted and blind participants.

5.3.3 Characteristics of Dictated Messages

There are many characteristics of the dictated messages that could relate to the

number of ASR errors that participants were able to identify. To better contextualize

our findings we report differences in word error rate, message length, speech rate, and

word length across the recordings of blind and sighted participants as well as across short

scenario and open question trials.

Word Error Rate and Length of Messages. Overall, no significant differences

were found in WER or message length for the two user groups. Figure 5.8 shows the

average WER and length of messages.

Short scenario trials (SS). In the 30 SS trials, the average WER of blind and sighted

participants’ speech input was 0.04 (SD = 0.02) and 0.04 (SD = 0.02), respectively,

which is similar to the WER of state-of-the-art ASR engines [7]. We asked participants

to keep their dictated messages to 1-2 sentences in length. Blind and sighted participants’

dictated messages were 129.3 (SD = 56.8) and 98.5 (SD = 29.5) characters, which

were 25.9 (SD = 11.4) and 19.9 (SD = 6.1) words, respectively; the medians were 121.3
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Figure 5.9: Speech rate and length of words for the blind and sighted participants in trials
with short scenarios (SS) and open questions (OQ). Blind participants spoke slower than
sighted participants. The average length of words was shorter in OQ trials than SS trials.

characters (24.7 words) for blind participants and 95.1 characters (19.1 words) for sighted

participants; this difference was not statistically significant (calculated in character; the

mean ranks of blind and sighted participants were 14.4 and 10.6, respectively; U =

49, Z = 1.33, p = .198).

To examine if the characteristics of the ASR results impacted the accuracy of identifying

errors, we compared the trials with and without errors in terms of the message length and

the number of errors in a trial. The average number of words was 32.7 (SD = 20.4) in

trials with missed errors and 24.8 (SD = 15.0) in trials without missed errors. The

average number of errors was 3.6 (SD = 2.2) in trials with missed errors and 2.2

(SD = 0.8) in trials without missed errors. The result shows that the length of the

message and the number of errors in the ASR result are potential factors that would affect

the accuracy. That is, users would be able to identify ASR errors better in a shorter

message and when there are fewer ASR errors.

Comparing SS and OQ trials. As expected based on the task instructions, the

dictated messages were longer for the OQ trials than the SS trials, at on average 292.1

(SD = 108.1) 268.1 (SD = 134.4) characters, which were 56.2 (SD = 21.6) 51.3
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(SD = 25.5) words, for blind and sighted participants, respectively. The average length

of messages of all 24 participants in OQ trials was 280.1 (SD = 120.0) characters (53

words, SD = 23.5) which were longer than SS trials at 113.9 (SD = 46.9) characters

(22.9 words, SD=9.4); this difference between SS and OQ trials was significant (calculated

in character; W = 0, Z = −4.29, p < .001; r = 0.62). Average WER of all 24

participants was also significantly higher in the OQ trials at 0.06 (SD = 0.04) than the

SS trials at 0.04 (SD = 0.02) (t23 = −2.63, p = .015; d = 0.60).

Speech Rate and Length of Words. We analyzed the original speech input of the

short scenario trials from the blind and sighted participants in terms of the speech rate and

the length of words to examine if the experience with speech input influences speech rate

or complexity of words in the speech input.

Figure 5.9 shows the speech rate and length of words. In the SS trials, blind

participants spoke slower than sighted participants with 94.6 (SD = 22.9) and 131.3

(SD = 17.2) WPM speech rates, respectively (t20 = 4.42, p < .001, d = 1.81). However,

we did not observe this to be reflected on the WER of ASR. As shown in the previous

section, there was no significant difference between blind and sighted participants. In

the comparison between SS and OQ trials, there was no significant difference in the

speech rate (t45 = 0.72, p = .476). The blind and sighted participants spoke at 113.0

(SD = 27.3) WPM speech rate in SS trials and 107.0 (SD = 30.5) WPM in OQ trials on

average.

The average length of words in the speech input was 4.2 characters (SD = 0.2) for

blind participants and 4.3 characters (SD = 0.2) for sighted participants in SS trials with

no significant difference (t21 = 0.22, p = .832). On the other hand, the average length
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of words in SS trials from all participants at 4.3 (SD = 0.2) characters were longer than

the length of words in OQ trials at 4.0 (SD = 0.1) characters (t40 = 5.06, p < .001, d =

1.46). Considering that the OQ trials had higher WER than the SS trials, speaking shorter

words would not have a positive impact on reducing ASR errors.

5.3.3.1 Error Analysis

In the SS trials, there were 340 error instances for blind participants and 236 ASR

error instances in total for sighted participants. Participants in both groups missed more

than half of ASR error instances: missed error instances represented 52.1% (SD = 11.1)

and 52.1% (SD = 12.2) of all error instances on average for the blind and sighted

participant groups, respectively. A further 42.3% (SD = 12.7) for blind participants

and 38.5% (SD = 16.5) of ASR error instances for sighted participants were exactly

identified. Finally, only a small portion of errors, 5.6% (SD = 4.7) for blind participants

and 9.4% (SD = 12.5) for sighted, were noticed.

To further understand error identification challenges, we assessed what types of

ASR errors were missed in SS and OQ trials. As expected, based on past work [13],

participants missed ASR errors when the errors sounded like the original words as shown

in Table 5.2. However, not all missed errors related to similar-sounding words as shown in

Table 5.3. In general, the accuracy of identifying the error instances with similar sounds

with original words was lower at 36.8% than the accuracy of identifying error instances

that did not sound like the original words at 44.8%.

Though the sound of error instances in ’spacing’, ’homophones’, and ’apostrophes’
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Type Description and example Occured Identified

Pronouns
Pronouns were recognized as other words
with similar sound (e.g., ’Carol’ and ’Cara’).

54
64.8%
(35/54)

Spacing
The recognized words were incorrect
because of the spacing (e.g., ’prototype’ and
’proto type’).

15
33.3%
(5/15)

Homophones
The recognized words were homophones
of the original words (e.g., ’owe you’ and
’OU’).

11
36.3%
(4/11)

Apostrophes
The recognized words were incorrect
because of an apostrophe mark (e.g.,
’doctor’s’ and ’doctors’).

5
0.0%
(0/5)

Similar
Recognized words have similar sounds with
the original words (e.g., ’I’ll’ and ’I will’).

135
27.4%
(37/135)

Total 220
36.8%
(81/220)

Table 5.2: Definition and the number of error instances for the types where error instances
sounded like the original words. The identified column includes the proportion of exactly
identified errors (the number of exactly identified error instances divided by the number
of all error instances)

Type Description and example Occured Identified

Missing
The original word(s) was missed in the
recognized text.

46
58.7%
(27/46)

Inserted

The error word(s) was inserted in the
recognized text though they were not spoken
by the participants (e.g., recognized text of
filler words).

51
17.6%
(9/51)

Formatting
The recognized text has a different format
(e.g., ’2 o’clock PM’ and ’2:00 PM’).

4
50.0%
(2/4)

Others

The recognized words sound differently
from the original words. We did not observe
a common pattern among these errors (e.g.,
’we are’ and ’of years’, ’I think’ and ’Of
think’).

5
47.7%
(123/258)

Total 359
44.8%
(161/359)

Table 5.3: Definition and the number of error instances for the types where error instances
did not sound like the original words. The identified column includes the proportion of
exactly identified errors (number of exactly identified error instances / number of all error
instances)
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is almost the same as the original words, participants could identify a few of them. For

example, B6 guessed the misrecognition of ’too’ as ’to’ in a trial, saying ”[...] I think it

might’ve said the wrong version of too.” Some participants picked up the small difference

in synthesized speech caused by a space between words. For example, S10 distinguished

’prototype’ and ’proto type’, saying ”It just said ’prototype’ like ’prawto type’ do you

guys care about how it says words? That’s the difference.” Participants identified the

errors better when some words are missing in the recognized text than when additional

words are inserted into the recognized text. The proportion of identified error instances

was higher than 50% for the ’missing’ type while it was only 17.6% for the ’inserted’

type.

It is hard to identify the error instances of some types that have almost the same

sound like the original words (i.e., ’spacing’, ’homophones’, ’apostrophes’) with audio-

only. To assess the ability to identify errors that can be distinguished with audio, we

measured the precision and recall of SS trials after excluding the error instances of ’spacing’,

’homophones’, ’apostrophes’ types. Still, there was no significant difference in precision

and recall between blind and sighted participants (t21 = −2.01, p = .056; t21 = −0.42, p =

.677).

5.3.3.2 Subjective Certainty

For each trial, participants were asked how certain they were that they had identified

all ASR errors in their dictated text using a 4-point scale (very certain, certain, uncertain,

very uncertain). In the short scenario trials, blind participants were confident, being
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”very certain” in 247 (68.6%) trials, certain in 104 (28.9%), and uncertain in only nine

(2.5%). There was no trial where blind participants were very uncertain. Similarly,

sighted participants were very certain in 237 (65.8%) trials, certain in 110 (30.6%),

uncertain in 12 (3.3%), and very uncertain in 1 (0.3%). These numbers might not be

surprising given that all but one participant, who had experience with reviewing dictated

text, reported that they did not think that identifying ASR errors is challenging (Section 4.2).

While participants were confident in more than 96% of trials, the accuracy of

identifying ASR errors in those trials was still low in terms of recall (very certain: 0.37;

certain: 0.46) and precision (very certain: 0.67; certain: 0.61). Perhaps, this could be

explained by the fact that some ASR errors were difficult to detect because the errors

sounded like the participants’ intended words, as in [13]. Another plausible explanation

could be that when interacting with a reliable ASR (with WER around 4% in our study),

participants may have been less vigilant and less able at detecting ASR errors when they

occur. Prior work, surveyed in [116], indicates that complacency could explain why more

reliable automation hurts the identification of system errors.

5.3.3.3 Qualitative Feedback

After completing the ASR dictation task, participants were still positive about the

performance of ASR and their ability to identify ASR errors. When participants were

asked if they agree that the system correctly recognized their input (5-point scale), 9 blind

and 10 sighted participants agreed or strongly agreed; there was no significant difference

between the two participant groups (U = 76, p = .914). Participants also disagreed

71



when they were asked if it was difficult to identify ASR errors: eight blind and eight

sighted participants disagreed or strongly disagreed in this question. Again, there was no

significant difference between the two groups (U = 90, p = .375).

When asked about any other difficulties they had during the task, seven blind participants

reported no difficulty at all, while the remaining five blind participants mentioned challenges

in remembering ASR errors in a long text, checking punctuation marks, and distinguishing

words with similar sounds. For example, B3 said: ”I knew there was a mistake in the

beginning and the end but anything in the middle was fuzzy because these were like I said

random tasks.” Contrastingly, 11 of the 12 sighted participants said they had difficulties,

including remembering ASR errors in a long text, imperfect pronunciation of synthesized

speech, and the fast rate of synthesized speech. S12 said: ”If there are a couple of little

errors in the larger text then you kind of lose track of them. [...] another is, is it me who’s

like am I creating and I saying it incorrectly or is the system picking it up incorrectly?”

5.4 Discussion

The semi-structured interview showed differences between blind and sighted participants

with respect to their experience with speech input and error identification. In the speech

dictation task, blind participants spoke slower than sighted participants when they use

speech input. We also found that the length of the speech input impacts the accuracy of

error identification. Further analysis of the errors characterized the patterns of identifying

ASR errors. The empirical findings from the user study provide some insights for future

research.
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5.4.1 Implications

Need for accessible ASR error reviewing through audio-only interactions. Our

findings reinforce the importance of improving text-entry through audio-only for blind

users, confirming past studies that show that blind users are more likely to use speech

dictation than sighted users [13, 60]. However, when it comes to reviewing their dictated

text, our interview findings show sighted participants used the visual output, which is

only available to blind users through the text-to-speech audio. Perhaps this explains

why blind participants were more concerned about ASR errors than sighted participants,

given the difficulty of reviewing the ASR results through audio. For both groups, context

relates to their concerns about ASR errors (i.e., kinds of tasks, content, the recipient of

the dictated message, rushed or relaxed situations), suggesting that in some cases, users

may be willing to use a more time-consuming but accurate reviewing process than simply

hearing back their dictated message.

Mismatch between ability and perception of challenges in finding ASR errors.

Neither participant group felt it was challenging to identify ASR errors by just listening

to the dictated message. However, when asked to perform this task, they missed more

than half of the ASR errors. This contradiction suggests that users may be making more

errors than they are aware of in their dictated text motivating future work in assessing real-

world error rates in dictated and reviewed messages. Therefore, future work is needed to

develop an interface for enabling blind users to check the final text after revision in an

efficient way rather than going through the text letter by letter.

Higher chance of missing errors with longer text. Comparing the results from the
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trials with short scenarios to the trials with open questions also showed that identifying

ASR errors is more difficult with longer input. With longer input and higher WER in

the trials with open questions, participants had to identify more errors with the long text

than the short text. This would have increased the mental load of the task, requiring

participants to remember more ASR errors. Since blind participants were more likely to

have experience dictating longer passages of text than sighted participants, this challenge

may unduly affect blind users. It will be important to consider whether mechanisms to

support users in reviewing and editing speech dictation via synthesized speech output

will need to differ for shorter versus longer passages of text, such as supporting users in

reviewing only one sentence at a time.

Little impact of experience with a screen reader on the ability to find ASR

errors. Contrary to our hypothesis, no significant differences were found between blind

and sighted participants’ ability to identify ASR errors through a synthesized speech on

our speech dictation task. Though our interview showed that the blind participants had

more experience than sighted participants in reviewing dictated text via audio, only two

blind participants who also used magnifiers had the opportunity to confirm what they

heard through a synthesized speech by checking visually. This lack of visual confirmation

may have led them to overly trust the ASR results as compared to sighted users who had

on average substantial exposure to visual feedback of ASR results. The relatively low

WERs seen in the task, though reflective of state-of-the-art automatic speech recognizers [7],

may have also made it more difficult to detect a statistically significant difference between

the two user groups.

Distinct strategies for reporting ASR errors can lead to novel interactions. We
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found three distinct strategies of identifying ASR errors by analyzing how participants

reported the ASR errors during the speech dictation task. The most common strategy was

finding a specific word(s) of the ASR errors. The other two strategies are indicating the

location of errors and counting the errors. We found that the average length of messages

was shorter and the number of errors was fewer in trials where participants found a

specific word(s) than the trials where participants counted or indicated the location of

errors.

The selection of strategy would be potentially related to the length of the message

and the number of errors in the ASR result. When the text is long or the ASR result

includes many ASR errors, participants would have counted or remember the location

of errors rather than memorizing words to reduce the mental load. The future study on

designing the accessible interface of reviewing ASR results needs to consider that the

strategy of identifying ASR errors can be influenced by the length of the message and the

number of ASR errors.

Variation of speech input in different contexts. The analysis of speech rate

provides empirical evidence that blind users speak slower than sighted users when they

enter a text with the speech input. The difference in speech rate would have been caused

by blind participants’ caution to avoid the ASR errors. A prior study showed that a user

articulates the speech when they want to enter a text with speech input without errors [55].

In this case, blind participants would compensate for potential limitations of the ASR

system by speaking slowly.
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5.4.2 Limitations

The speech dictation task in the user study was designed to make it realistic to the

participants by employing the free-form text entry task. Though we were able to measure

the ability to identify ASR errors and characterize the use of speech input, the design also

has some limitations.

Limitation of the free-form text entry. For our speech dictation task, we employed

a free-form text entry task that allows participants to compose texts for themselves. Though

the study in Chapter 4 evaluated the ability to identify ASR errors using reference phrases,

the free-form text entry was adopted in this article because of the advantages mentioned

in Section 5.2.2. However, the user study design with the free-form text entry has a few

drawbacks compared to using reference texts. The free-form text entry task can result in

ambiguity during error coding by the research team given that the team has only access

to the spoken messages by the participant and not the ground truth text phrases. For

example, some proper nouns were accurately recognized by the ASR engine (e.g., city

and product names) but others were ambiguous (e.g., did the user intend to spell the name

Steven or Stephen). In these cases, if the proper noun in the synthesized speech has

correct spelling, then we marked it as correct. However, the proper noun (e.g., ’Barbara’)

that was recognized as a common noun(s) (e.g., ’barber’) has been considered as an ASR

error. The participants dictated 13.6 proper nouns on average throughout the task.

Missing the semantic change in metrics of performance. In this work, we analyzed

the performance of an ASR system for text entry through speech only both in terms of

WER but also in terms of participants’ ability in identifying these errors using metrics
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such as recall and precision. A limitation of these metrics is that they focus on the number

of error instances instead of the degree of change in the meaning of the text. For example,

if ”want” and ”can” are recognized as ”wanted” and ”can’t,” the latter usually changes

the meaning of the text more significantly than the former. However, WER, recall, and

precision cannot reflect such differences in error analysis [117]. Metrics reflecting the

semantic change of the original text due to the semantic differences between ASR errors

(e.g., ACE metric by Kafle et al. [118]) would also be useful to examine.

Small sample size. The small number of participants in this study limits the

statistical power to detect the significant difference with a small effect size, though 24

participants is a common sample size in the CHI and ASSETS community. Therefore, in

the analysis of precision and recall, this limitation may have resulted in no statistically

significant difference in the comparison of blind and sighted participants. The small

number of participants also makes the statistical analysis subject to change by potential

outliers. Considering this limitation, we conducted another statistical analysis of the data

from the speech dictation task where any outliers were excluded. Specifically, there were

four outliers (S3, S11, B10, B11) in terms of dictated message length and one outlier

(S11) in terms of precision. Removing these outliers did not change any of our results.

5.5 Conclusion

We explored the experience of speech input, synthesized speech, and ASR error

identification through a semi-structured interview and evaluated the ability to identify

ASR errors through a task of entering and reviewing text using speech-only. From the
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semi-structured interview, we found that sighted and blind participants’ experiences differ

in many aspects such as tasks, devices, and frequency of using speech input as well as

employed methods for reviewing the dictated text. Though most participants reported

that identifying ASR errors is not a challenging task, participants in both groups identified

only around 40% of the ASR errors. This indicates that identifying ASR errors is challenging

even for blind users who may have more experience with speech input and synthesized

speech compared to sighted participants. We also characterized how participants identified

ASR errors through the analysis of the speech input, the ASR errors, and strategies

for pointing to ASR errors in the speech dictation task. These findings enable us to

better understand and quantify the challenges in identifying ASR errors for both sighted

and blind users. More so, they reveal the need for further research on improving user

interaction for speech-only text input that relies on inherently error-prone systems such

as ASR.
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Epilogue to Part I

In Part I of this thesis, the challenge of identifying ASR errors was characterized

through crowdsourcing and controlled lab studies with blind and sighted participants.

The studies investigated the impact of manipulating the synthesized speech (i.e., inserting

pauses between words and repeating the synthesized speech), types of missed ASR errors,

the accuracy of identifying ASR errors, and strategies of identifying ASR errors. The

controlled lab study also revealed the experience of identifying ASR errors in terms of

how much they cared about the errors, different attitudes of reviewing the recognized text

in various situations, etc.

The study with crowdsourcing explored the challenge of identifying ASR errors to

examine quantitatively whether identifying ASR errors with synthesized speech only is

challenging. The user studies were conducted through crowdsourcing where participants

were asked to identify ASR errors after listening to the synthesized speech of a phrase.

Participants were able to identify only around 50% of errors, showing that identifying

ASR errors through audio is challenging. Inserting pauses between words and slow

speech rate improve the accuracy. On the other hand, repeating the audio of the synthesized

speech does not help users identifying ASR errors accurately.

Next, we conducted a controlled lab study to compare the experience with synthesized
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speech and the accuracy of identifying ASR errors between blind and sighted participants.

The hypothesis of the study was that blind users care more about the ASR errors and have

better accuracy of error identification due to the more frequent experience with the speech

input and synthesized speech than sighted users. The results showed that both blind and

sighted participants identified only around 40% of the ASR errors though they thought

identifying ASR errors is not a challenging task. On the other hand, blind participants

cared more about the ASR errors. The analysis of the speech dictation task characterized

the strategies of identifying errors when participants review the ASR results.

Part I of this thesis reported on the completed work and answered the following

research questions:

• RQ1: How frequently are ASR errors missed? (The user studies in Chapter 4 and

5measured the blind and sighted participants’ accuracy of identifying ASR errors

through synthetic speech. They showed that both blind and sighted participants

missed around 50% of the errors.)

• RQ2: Do different synthetic speech manipulations affect the user’s accuracy of

identifying ASR errors? (We found from the results of the user studies in Chapter 4

that synthetic speech with slower speech rate and pauses between words can increase

the accuracy of error identification with audio.)

• RQ3: For what tasks do blind and sighted users use ASR? (The study in Chapter 5

showed that blind people use ASR mainly for entering texts while sighted people

use it for conversational interface or voice commands.)

• RQ4: How different are the experiences with speech dictation and listening between
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blind and sighted users? (Both blind and sighted participants thought identifying

ASR errors with synthetic speech is not challenging but blind participants cared

more about the errors as shown in Chapter 5.)

• RQ5: Is the accuracy of identifying ASR errors different between blind and sighted

users? (The results of the speech dictation task in Chapter 5 showed that both

blind and sighted participants missed around 50% of errors with no statistically

significant difference.)

• RQ6: What are the blind and sighted users’ strategies of pointing to ASR errors?

(The user study in Chapter 5 found that they spot a specific word, indicate locations

where errors occurred, or count the number of errors.)
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Part II: Interacting with Error-Prone Image Recognition
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Prologue to Part II

In Part II, this work explores the challenge of identifying errors in camera-based

assistive apps with blind users and reducing errors in TOR through iterations with blind

and sighted users. Identifying and validating the predictions from camera-based assistive

apps would be even hard for blind people because they depend on the visual characteristics

of the inputs. While prior studies have shown that blind users actively use their cameras in

mobile devices for fun, preserving memories, using social media, and using assistive apps,

many of the studies focused on the challenges in blind photography and developing a user

interface for blind photography. In this work, we characterize the challenges of validating

the predictions from the camera-based apps and identifying the errors. Furthermore, we

investigate the usability issues of TOR with blind and sighted users, considering another

perspective in using an image recognition system, personalizing it with a teachable interface.

While training and validating a machine learning model (i.e., machine teaching)

has been mostly conducted by experts in machine learning, recent intelligent systems

enable end-users to conduct the machine teaching task to personalize the system for their

idiosyncratic environments and inputs. (e.g., teachable object recognizer [20], personal

sound detector [119]). Though building a teachable interface where end-users personalize

an intelligent system through machine teaching is technically possible with few-shot
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learning or meta-learning approaches, end-users with little knowledge in machine learning

would have difficulties in training and validating a machine learning model with their

own data samples. In this research, we explore the difficulties from two perspectives: (i)

understanding non-experts’ patterns and misconceptions in machine teaching (Chapter 8)

(ii) designing a mobile TOR app to enable blind users to review their teaching strategies

to reduce errors. (Chapter 9)

Part II consists of three studies that investigate blind users’ experience with camera-

based assistive apps, explore sighted non-experts’ challenges in machine teaching, and

developing a mobile TOR app for blind users. The first study consists of a semi-structured

interview and an error identification task to explore the users’ challenges in identifying

pre-trained image recognition errors (Chapter 7). In the second study, we recruited 100

sighted participants who are non-experts in machine learning through crowdsourcing. The

participants were asked to train and validate TOR through the web (Chapter 8). The

photos and feedback from the participants revealed patterns in non-experts’ strategies

to conduct machine teaching (i.e., how they train an object recognition model, test it,

and change their training strategy after observing errors). In the third study with blind

participants, we evaluate a TOR app designed based on the findings in the first study and

a prior study on the feasibility of using TOR for blind people [20]. The study includes

tasks of training, testing the app, and managing the information of objects in the users’

datasets (Chapter 9).

Part II of this thesis aims to resolve the following research questions:

• RQ7: For what tasks and objects do blind users take photos? (We will examine
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RQ7 in Chapter 7.)

• RQ8: How did blind users identify the image recognition errors? (We will examine

RQ8 in Chapter 7.)

• RQ9: What are the blind users’ accuracy of identifying the object recognition

errors? (We will examine RQ9 in Chapter 7.)

• RQ10: What are their strategies for identifying the errors? (We will examine RQ10

in Chapter 7.)

• RQ11: What are non-experts’ teaching and debugging strategies for a teachable

object recognizer? (We will examine RQ11 in Chapter 8.)

• RQ12: Do teaching strategies evolve through iteration? (We will examine RQ12 in

Chapter 8.)

• RQ13: How could descriptors be useful for avoiding errors due to their training

examples? (We will examine RQ13 in Chapter 9.)

• RQ14: What are blind users’ teaching and debugging patterns? (We will examine

RQ14 in Chapter 9.)
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Chapter 6: Background

This chapter discusses prior work on object recognition focusing on error identification

and assistive technologies for blind people. As the work in Chapter 8 and 9 are kinds of

machine teaching studies, a research field that investigates people who teach a machine,

we present background studies on machine teaching.

6.1 Image Recognition and Error Identification

Object detection and classification have been actively studied for decades as they

are fundamental and challenging problems in computer vision. Specifically, object detection

aims to provide the location and size of the object instances in an image (e.g., bounding

boxes) [120]. The goal of object classification is figuring out whether objects in a set of

classes exist in an image or not [121]. Object detection and classification are employed

in a variety of applications including blind navigation systems (e.g., [122, 123]), object

recognizer for blind people (e.g., [124, 125]), and image captioning (e.g., [126]). In

this thesis, we employ a general term, image recognition, that embraces both object

detection and classification tasks [127, 128] to indicate general applications related to

object detection and classification. Recently, the emerging image recognition systems

achieved dramatic improvements with deep learning techniques [129]. However, they are
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still error-prone due to the high variations of objects, a huge number of object categories,

and limited computing power in mobile/wearable devices [121].

Errors in an image recognition system affect blind users’ experience with it significantly

as most blind users depend on the output from the system due to the difficulty in verifying

the output [130]. For example, a blind user who uses social media rely on the automatically

generated captions to understand photos without sighed help and may be confused by

the errors in the captions [33]. Therefore, researchers in human-computer interaction

and accessibility have emphasized the importance of providing the confidence of the

outputs and degree of reliability of AI-infused systems to users [10, 130]. While the

impact of object recognition errors on user experiences has not been explored thoroughly,

prior studies presented some cases where such errors caused problems. A study on

blind users’ experience in using social media with images revealed that they overtrust

the automatically generated captions even when incorrect captions make little sense [33].

While some errors in blind navigation systems are acceptable when blind users are familiar

with surrounding environments, the errors are not acceptable when people around the user

react with misguided responses [49]. When image recognition is used to help blind users

control household objects (e.g., turning on/off a stove, finding an outlet), errors would

cause safety threats. Therefore, such tools are required to have robust safety mechanisms,

or users are recommended to use other types of assistive tools such as voice command

to control household objects rather than using computer vision-based tools [131]. Given

the significance of error handling in using object recognition systems for blind users, this

work explores and characterize their challenges in identifying and recovering from object

recognition errors.
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6.2 Image Recognition for Accessibility

Object recognition has been actively used to develop assistive tools for people with

disabilities. For example, body movement recognition has been used to create assistive

tools for people with motor impairments such as rehabilitation systems with automatic

body movement guidance [132], automatic symptom diagnosis of motor impairments

through motion analysis [133], and gesture recognizer as an input method for controlling

robots [134] and computers [135]. Assistive tools for people with cognitive impairments

also employ computer vision and object recognition. The body motion analysis with

images or videos is used to detection of autism-related behavior automatically [136,

137]. Moreover, object recognition and computer vision have been used in assistive

technologies for other types of disabilities such as hearing impairments(e.g., [138, 139])

and visual impairments (e.g., [20, 140, 141, 142]). In this thesis, we focus on blind users’

experience with camera-based assistive tools.

As object recognition can enable blind people to have a better sense of the visual

world, many products that enable people to read texts, distinguish colors, and recognize

objects with computer vision are already on the market [124, 125, 143, 144, 145]. Due to

the significant impact of the errors in these tools, prior studies have presented guidelines

for AI-infused systems with recommendations to enable users to recover from errors [10,

50, 51]. However, they targeted general AI-infused systems including applications for

sighted people without an in-depth analysis of blind users’ interactions with such systems.

A unique aspect of this thesis is that it covers blind users’ interactions with both pre-

trained camera-based assistive tools and teachable object recognizers (TOR). Since TOR
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was shown to be useful for blind people [24], researchers have been actively developing

user interfaces that help blind people to take photos to train an object recognition model [141,

146]. However, as TOR is a kind of emerging technology, it has many issues to resolve

such as developing user interfaces for blind users to identify, understand, and recover

from errors effectively through machine teaching.

6.3 Machine Teaching and Teachable Interfaces

Machine teaching involves a teacher who knows the decision boundaries and designs

an optimal training set for one or more students [4]. In this paper, the teacher is a human

and the student is a classification model who is being trained to classify images of objects,

as shown in Figure 6.1, though the inverse – machines teaching humans to classify images

– is also an active area of research [147]. There is rich literature on sequential machine

teaching with humans as the teacher, e.g.programming by demonstration for teaching

robots to manipulate objects [148, 149]. However, in this review, we focus on prior work

that utilizes batch teaching, where examples are given as a set and their order does not

matter.

Batch teaching is a very common paradigm for many real-world AI-infused systems,

e.g.using face recognition, fraud detection, and speech recognition. This is typically done

by experts in the field and end-users are hardly exposed to the underlying mechanisms that

could help explain their limitations. Teachable interfaces1 that fall under this machine

teaching paradigm, have the potential to help in this direction as they can enable non-

1A term coined by Patel and Roy (1998) [150], where “the user is a willing participant in the adaptation
process and actively provides feedback to the machine to guide its learning.”
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T=machine,
S=machine

Human vs. 
machine

Model-based vs.
model-free

Angelic vs.
adversarial

Batch vs.
sequential

Theoretical vs.
empirical

Teaching signal

Student awareness

One vs. many

T=machine,
S=human

T=human,
S=machine

Synthetic / constructive
teaching Hybrid teaching Pool-based teaching

Model-based teaching Graybox teaching

Angelic teaching Adversarial teaching

Batch learning Sequential learning

One student Many student

The student anticipates teaching The student does not 
anticipate teaching

Model-free teaching

Theoretical teaching Hybrid Empirical teaching

T=human,
S=human

Figure 6.1: Characterization of our testbed in the machine teaching problem space [4],
where T stands for teacher and S for student. A human T employs a pool-based, model-
free, angelic, empirical teaching. The testbed has a single recognition model S learning in
batch mode, unaware that is being taught, while considering T as a friend (no adversarial
examples).

experts to uncover basic machine learning concepts (e.g. [151]). Moreover, with advances

in transfer learning [152, 153], they can spur innovation as end-users can re-purpose

models trained on vast amounts of data for new but related tasks, e.g.personalize assistive

technologies [154].

We look into prior work employing teachable interfaces, a term perhaps not originally

used by the authors. Here, we focus on a subset of interactive machine learning literature,

where users are called to generate all the training and testing examples for a personalized

model. Table 6.1 presents representative examples of prior studies from 2011-2019 on

gesture recognition for musicians [155], sign language [156], educational applications [151],

personalized sound detectors for people who are deaf/Deaf or hard-of-hearing [119],

personal object recognizers for blind people [20], and physical activity classifiers for

young athletes [157]. In contrast to this work, prior studies tend to have smaller participant
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Table 6.1: Related studies’ characteristics juxtaposed with ours.
[155] [156] [119] [20] [151] [157] This study

Se
tti

ng People 1,7,21 10 12 8 30 5 100
Controlled • • • • • •
Real-world • •

Pe
op

le Crowd •
Children • •

Disability • •

In
pu

t

Sensing • • •
Audio •
Image • •
Video • •

O
ut

pu
t Recognition • • • •

Detection • •
Control •

A
na

ly
si

s Accuracy • • • •
Behavior • • • • • •
Feedback • • • • • •

pools and are typically conducted in a controlled setting, where the researchers are present.

Partially this could be due to the user characteristics of interest; people with disabilities [20,

119], children [151], and students [157]. Another reason could be the challenges in

remote data collection as it would require a working prototype [20, 119] or specialized

devices from the users [151, 157]. Our teachable object recognition testbed, utilizing a

built-in camera in a mobile phone, and existing crowdsourcing platforms allow us to reach

a larger participant pool that can be further scaled.

As shown in Table 6.1, the input modality for the teaching set was more often based

on sensing [151, 155, 157] and videos [155, 156] with one example for sound [119] and

photos [20]. For the last two, participants could not assess the quality of their teaching

examples – participants who were deaf/Deaf or hard-of-hearing could not hear the sounds

they recorded [119] and blind participants could not see the photos they took [20]. In

this paper, we choose images as the input modality for the teaching set. This allows us

to tap into a large user group of non-experts that can simply use their mobile phones to

take photos in a real-world setting. More so, by choosing an object classification task, an
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accessible task to many where they can serve as the oracle, we are given the opportunity to

explore how humans teach a high-dimensional decision boundary to machines by feeding

them only with few instances. More importantly, this modality allows us to visually

inspect the teaching set for common patterns in users’ behavior.

Similar to most of the prior work in Table 6.1, our analysis is based on observed

behaviors and participant feedback. Leveraging prior work in neuroscience, we examine

how non-experts’ teaching strategies draw parallels in machine robustness to human robustness,

where object recognition involves generalization across size, location, viewpoint, and

illumination [158]. While prior work did not include such a fine-grained analysis of the

participants’ input, it provided insights and anecdotal evidence that guided the design of

our studies such as the need for iterations [151, 155, 157], which may vary not only across

participants but also due to the underlying algorithm and task [159]. For comparison

purposes and time sake, we opted to keep the number of iterations constant at two. Similar

to our study, the number of classes was limited (2-5) with an exception of 15 [20], where

there were no iterations.
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Chapter 7: Understanding Error Identification in Pre-Trained Image Recognition

With Blind Users

7.1 Motivation and Introduction

The past few years have yielded vast improvements in image recognition due to

advances in machine learning. As computer vision can be used for blind people to access

the visual world independently using a camera on their smartphones, many assistive

mobile apps (e.g., Seeing AI [124], Envision AI [144]) are deployed to enable them to

read text, recognize objects, understand images, and navigate. However, most image

recognition systems are built on benchmark datasets with images collected by sighted

people, being more likely to have errors with images from blind users.

Prior studies have provided anecdotal evidence indicating that errors in image recognition

systems affect blind users’ experience with it significantly. As it is hard for most blind

users to verify the image recognition results without sighted help, they trust and rely

on the output of the recognition system which may not be error-free. For example,

MacLeod et al. [33] showed that blind users may overtrust the output of an automatic

caption generator even when it makes little sense. Image recognition errors would cause

more critical problems when blind people interact with real-world objects through their
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cameras and computer vision. Jafri et al. [131] have warned that such misrecognitions

may cause a safety threat when computer vision applications are used for controlling

household objects such as stoves and microwaves. Errors are especially non-acceptable

when they can adversely affect blind users’ interactions with others in a way that may

affect how others perceive them. In a recent study, Lee et al. [160] discussed how blind

users prefer not to get a prediction of passersby gender as potential errors can lead to an

embarrassing situation. This echoes some of our previous findings in Chapter 5 where

blind participants worried that errors in their dictation could affect others’ perception of

their intellect.

Similar to Part I, we start our exploration by better understanding and quantifying

blind users’ ability to identify image recognition errors on their input, an object to be

recognized. In this chapter, we focus on blind people’s experience with image recognition

systems and their errors. We conducted a controlled experiment, which due to COVID-

19 had to be simulated in people’s homes. The experiment mirrors the controlled lab

methods employed in the study in Chapter 5 that included a semi-structured interview

and speech dictation task. Our research questions also mirrored those in the speech study.

With the semi-structured interview, we aim to get some context on the use of image

recognition by this user group and prior strategies for identifying errors. Then, through

an error identification task, we explore how well blind users can identify the errors and

what strategies they employ.
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7.2 Method

To understand blind people’s experience with camera-based assistive tools, we conducted

a two-part user study including a semi-structured interview and a task of identifying errors

of a general object recognizer.

7.2.1 Participants

We recruited 12 blind participants (6 female, 6 male) from campus email lists and

local organizations (Table 9.2). The participants ranged in age from 32 to 70 (M =

54.3, SD = 15.2). The participants reported being totally blind (N = 3), having some

light perception (N = 5), or being legally blind (N = 4). All participants have used

smartphones several times a day. While P1 and P2 had some auditory processing disorder

and a problem in hearing the high sound, respectively, all participants did not have problems

in communication or using a screen reader. All participants reported that they take a photo

or record a video at least once a month. When asked to report their levels of familiarity

with machine learning in 4-scales: not familiar at all (have never heard of machine

learning); slightly familiar (have heard of it but don’t know what it does); somewhat

familiar (have a broad understanding of what it is and what it does); extremely familiar

(have extensive knowledge on machine learning), two participants selected not familiar at

all, eight selected somewhat familiar, and two reported being somewhat familiar.
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ID Age Gender Level of vision Age of onset Familiarity with ML*
P1 39 Female Light perception Birth Not familiar at all
P2 67 Male Legally blind 55 Slightly familiar
P3 62 Female Totally blind Birth Somewhat familiar
P4 32 Male Legally blind 20 Slightly familiar
P5 66 Male Light perception 46 Slightly familiar
P6 61 Male Light perception 41 Somewhat familiar
P7 70 Male Legally blind Birth Slightly familiar
P8 50 Female Legally blind 45 Slightly familiar
P9 69 Female Totally blind 55 Not familiar at all
P10 66 Female Light perception Birth Slightly familiar
P11 33 Female Light perception Birth Slightly familiar
P12 36 Male Totally blind Birth Slightly familiar

*ML: Machine learning

Table 7.1: Participants’ characteristics.

7.2.2 Procedure

The user study was conducted in two days. We conducted a semi-structured interview

on the first day with questions regarding demographic information, photo-taking experience,

and experience with camera-based assistive tools. On the second day, participants completed

a task of identifying errors of a general object recognizer.

Semi-structured interview. The interview lasted for one hour. The interview was

conducted through an online meeting application, Zoom. The whole interview procedure

was video recorded for later analysis. Specifically, participants responded to questions

about:

• frequency of using a mobile device, taking photos, reviewing photos, and changing

settings of the camera

• purpose of taking a photo, subjects of the photos, applications used to take photos,

devices to take photos, the confidence of taking a good photo
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• frequency of use, usefulness, and devices for a camera-based assistive tool

• frequency of verifying the recognition results of a camera-based assistive tool,

encountering errors, the importance of the errors, difficulty of identifying the errors

• strategy of taking photos for a camera-based assistive tool, degree of understanding

how a camera-based assistive tool works

For most questions regarding the frequencies, we employed an absolute 7-point

scale adopted from Rosen et al. [108] (Never, Once a month, Several times a month, Once

a week, Several times a week, Once a day, Several times a day). For some questions about

relative frequencies (e.g., how often do you encounter misrecognitions when you use [a

name of a camera-based assistive tool]?), the frequencies were measured in a relative

6-point scale (never, very rarely, rarely, occasionally, very frequently, always) [109].

Error identification task. Participants completed a task of taking photos of objects

with a general object recognizer and identifying recognition errors 1-7 days after the

interview. The devices and objects for the user study were delivered to the participants’

houses and the instructions were given through Zoom due to COVID-19. For remote

communication, participants are given a laptop computer with Zoom on. We also provided

a Vuzix Blade smart glasses with a camera that are also connected to Zoom so that

we can monitor the participants’ views throughout the study and for later data analysis.

Participants used iPhone 8 with an object recognition app that we built for this study. At

the beginning of the task, the experimenter provided the names of 15 objects (Figure 7.1).

In each trial of the task, participants were asked to select one of the objects randomly,

take a photo of it, and get a label from the object recognition app. The label was provided
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Figure 7.1: Object stimuli: baking soda, caramel coffee, Cheetos, chewy bars, chicken
broth, coca-cola, diced tomatoes, diet coke, dill, Fritos, Lacroix apricot, Lacroix mango,
Lays, oregano, pike place roast.

through a synthesized speech. After listening to the label, participants reported whether

the recognition was correct or not and how certain they were that the recognition was

correct (or not correct). After finishing the recognition trials with the 15 objects, participants

went through the objects once more in random order, completing 30 trials in total. Participants

were encouraged to think out loud throughout the task. At the end of the task, we asked

questions about the difficulty and strategy of identifying errors.

7.2.3 Object Stimuli

For the task of identifying errors from object recognizers, we used 15 objects

(Figure 7.1) used in a prior study on examining the blind users’ interaction with a teachable

object recognizer by Hernisa et al. [20]. We followed their approach where the objects

are selected to include different shapes, sizes, materials, and visual similarities. The

logos or images on the container of some products (i.e., baking soda, chicken broth, diced

tomatoes, and diet coke) are slightly different from the products in the prior study because

their designs have changed. However, the shape, material, and weight that may affect
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participants’ tactile perception of the objects were the same for all objects.

7.2.4 Testbed

For the task in the user study, we used a general object recognizer fine-tuned on the

photos of objects in Figure 7.1. The base model of the general object recognizer is an

InceptionV3 [161] model trained on ImageNet [5]. We fine-tuned the base model on a

dataset with photos taken by nine blind participants in a prior study where the participants

trained a teachable object recognizer [146]. The dataset included 225 photos for each

object, having 3375 photos in total. The fine-tuning was conducted with 500 steps of

gradient descent and a 0.01 learning rate. During the task, participants used the general

object recognizer app on Apple iPhone 8 (Figure 7.2. When a participant touched a “Scan

Item” button on the screen, the app sent an image to a server through HTTP and received

the results of recognition from the server where the fine-tuned object recognition model

predicted the label of the image.

7.2.5 Measures and Data Analysis

The responses in the semi-structured interview and the tasks are video recorded

using Zoom. We transcribed the responses to analyze the results. The images and labels

from the object recognizer were saved on the server during the task so that we examine if

participants identified errors correctly or not.
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Figure 7.2: A screenshot of the general object recognizer.

7.2.5.1 Semi-Structured Interview.

We used a thematic coding approach to find the major themes in the participants’

responses [113]. To reduce the subjectivity, two researchers cooperated to code the

responses. One of the researchers transcribed the responses. With the transcribed data, the

two researchers coded the responses and created initial codebooks. They compared the

two codebooks and coded data to resolve the disagreements through consensus. There

were 35 disagreements out of 373 answers. After resolving the disagreements, they

established a codebook and coded data. In the final codebook, the responses of 17 open

questions in the semi-structured interviews included 153 codes.
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7.2.5.2 Error Identification Task.

The blind participants’ ability to identify the object recognition errors was measured

using precision and recall, which are commonly used to measure the performance of

machine learning models. Specifically, precision indicates how often the recognition

results are actually errors when participants thought the results were incorrect. Recall

denotes the proportion of errors that participants correctly identified. We also measured

the error rate of the object recognizer using precision, recall, and accuracy.

7.3 Results

The semi-structured interview provides insights into blind people’s experience in

taking photos and recording videos. The error identification task revealed blind users’

patterns in identifying object recognition errors.

7.3.1 Insights from Semi-Structured Interview

The main themes in the questions of the interview included experience in taking

photos (or recording videos) and interacting with camera-based assistive apps. We focused

on how blind people check the quality of their photos, why they take photos, and how they

identify misrecognitions from the camera-based assistive apps.
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7.3.1.1 Experience in Taking Photos or Videos

All participants have taken photos at least once a month as shown in Figure 7.3.

When they take a photo or record a video, they rarely changed the setting of their cameras

or environments. The majority of the participants said they have never changed the

settings (N = 8). When the four participants changed their settings, they tried to find

a place with maximum light (N = 3), change the flash setting (N = 1), and tried

different camera angles (N = 1). For example, P8 thought taking photos at home can

get the maximum light, saying ”when I’m home, I feel it gives me the maximum amount

of light and I get the best pictures. [...] I might move it around a couple of times so

that it’ll describe it in the most detailed way.” When asked how often they check if

their photos are good, many participants responded they occasionally did relative to the

frequency of taking photos. The majority of the participants checked their photos several

times a month or less (N = 8). The participants with low vision reviewed photos with

their vision (N = 4). They also used automatically generated image descriptions from

assistive tools such as Seeing AI and built-in image captioning function in iOS (N = 5).

For example, P12 who inferred the quality of the photo based on the text recognition

results said ”what’s relevant are the OCR results I get from it. Especially if there is a

garbled section that doesn’t fall into a normal OCR error pattern, then I know the photos

not good.” The participants also got help from sighted people around them (N = 3) or

remotely using assistive apps such as Aira [145] and BeMyEyes [162] (N = 1).

When asked what they captured in their photos, the most common response was

that they capture documents for text recognition (N = 10), people (N = 9), and objects
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Figure 7.3: Participant responses to questions about their experience in taking photos.

(N = 8) as shown in Figure 7.4. Similarly, the most common purposes of taking photos

or recording videos were for text recognition (N = 10), video calls (N = 8), and

object recognition (N = 5). These responses are somewhat different from the findings

in a prior study conducted by Jayant et al. [142] in 2011 that blind people mostly take

photos to capture friends/family for fun while their most desired use for a camera was

text recognition. One of the possible reasons for this difference would be that computer

vision-based assistive apps became more common among blind people as they have been

improved with the advance of machine learning. However, many participants still thought

image framing (i.e., centering the object and adjusting the distance between a camera

and object) is challenging (N = 9). For example, P1 and P5 said ”Making sure the

information I’m trying to capture is in the frame of the camera.” and ”I don’t know how

far away from the object to hold the phone.” Participants also mentioned other challenges:

having the focus on the object (N = 2), holding a camera steadily (N = 2), adjusting the

light condition (N = 2), finding the right orientation of the object (N = 2).
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Figure 7.4: What participants captured in their photos.

7.3.1.2 Experience in Using Camera-Based Assistive Apps

We asked participants what camera-based assistive apps they have used regularly.

Participants have used eight camera-based assistive apps. We asked questions about their

experience in using each app. There were 20 cases (i.e., participant-app pairs). The

majority of them have used Seeing AI (N = 9) as shown in Figure 7.5. They use other

apps with text and object recognition functions such as Google Lookout, KNFB Reader,

Super Lidar, Supersense, and Voice Dream Scanner. They used Aira and Be My Eyes to

get sighted help remotely through the apps. The participants used the app several times

a day (N = 5), several times a week (N = 7), several times a month (N = 5), and

once a month (N = 3). When asked how frequently they encountered misrecognitions

or mistakes from the apps, the participants reported that they rarely (N = 10), very

rarely, or never encountered such cases. When asked how frequently they encounter

errors in the absolute frequency scale, participants found them less frequently than once

a week in most cases (N = 19). However, one thing to note is that participants would
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Figure 7.5: Camera-based assistive apps the participants have used regularly.

have not perceived many errors while using the apps without validation considering that

participants missed more than half of the errors in the error identification task in the

section 7.3.2. Therefore, the frequency reported by the participants would be lower than

the actual frequency of errors. To take good photos for these apps, participants tried to

find a proper distance between the camera and object (N = 9), adjust the orientation of

the object (N = 7), center the object in the camera frame (N = 7) in most cases. This

would probably be because most participants thought image framing was challenging as

mentioned earlier. When computer-generated feedback for blind photography is available,

participants also used them to take good photos (N = 8). For example, P12 who have

used Voice Dream Scanner said ”It has this system where the louder and steadier the

audio tone is, the better you are. There’s a certain tone. You’ve got the perfect picture

and you snap it.”

We also asked them how frequently they validate the predictions from the apps

(Figure 7.6). The participants have never verified the outputs in most cases while using

the apps (N = 9). Most of these participants mentioned that they just believe the outputs

from the apps (N = 7). For example, P2 and P8 said ”if it says it’s a $5 bill, I believe
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it” and ”I assume it’s correct when it reads it to me.” This response is consistent with a

finding from a prior study that blind users usually overtrust computer-vision systems [33].

Some participants did not validate the outputs from the apps because they thought it was

easy to find the errors (N = 6). When they use a text recognizer, they could identify

errors if the outputs do not make sense. For example, P11 who reported that she had

never verified the outputs from Seeing AI and Voice Dream Scanner said ”If it tells me

a certain thing, I’ll know that it actually meant certain numbers. The errors that are

sometimes made, they kind of have patterns if you know what it is.” When recognizing

objects, they compare the outputs from the apps with what they expected based on the

textures, shapes, weights of the object. For example, P6 who never validated outputs from

Seeing AI said ”[...] I could say sometimes it does get the canned soup name wrong, but

I guess I don’t consider it wrong enough to call it wrong.” With some apps, they verified

the outputs occasionally (N = 5), rarely (N = 3), and very rarely (N = 1). The most

common reasons for verifying the results were that they were unsure with a single output

(i.e., needed multiple trials to make a decision) (N = 8). For example, P3 said, ”if I’m

consistently not getting a result with Seeing AI, then I’ll see if KNFB Reader will give me

results.”

In most cases, participants agreed (N = 13) or strongly agreed (N = 3) that they

cared about the misrecognitions from the apps as shown in Figure 7.7. They sometimes

did not care about the errors because they could understand the outputs from the apps

even with some errors (e.g., the errors in text recognition did not change the meaning of

the texts significantly) or they did not use the apps for sensitive or important tasks. P8

said, ”It’s not the most important thing, because I’m not using it for something critical.”.
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Figure 7.6: Participants responses to two questions about the frequency of encountering
errors and verifying the outputs from the apps.

When we asked if there is any situation that they care about the errors more than others,

participants’ responses were mostly about text recognition and the importance of the

contents in texts. The most common responses were when reading bills, currency, expiration

date, or other important numbers (N = 11). P1 who used Be My Eyes said ”if they don’t

see the expiration date properly on something and it’s expired, you know, I could get sick.”

Other situations include reading directions for some tasks (N = 5) and reading important

documents (N = 5). P9 provided some examples of the important documents, saying

”probably when it’s something that is connected to legal documents, financial statements,

legal financial statements.” The participants’ responses were divided on the difficulty of

identifying misrecognitions from the apps. Participants disagreed or strongly disagreed

that it was challenging when they could easily find the errors using the contexts such as the

contents around misrecognized texts and the texture of misrecognized objects (N = 10).

For example, P1 said ”if they’re wrong, I know they’re wrong.” P12 said ”I can catch

the errors as they come up because often, it’s not wrong enough for me to not be able

to figure out what it says. In other cases, participants thought the errors are not clearly
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Figure 7.7: Participants responses to two questions about handling errors in the apps.

distinguishable and hard to identify (N = 9). P8 who was aware of the possibility of

missing the errors said ”If it’s wrong, I wouldn’t know. . . I don’t even know whether it’s

wrong or true.” P9 had experiences that sighted people found errors from Voice Dream

Scanner when she missed them. She said ”There have been occasions when I didn’t

detect anything and a sighted person may have indicated there was something that I just

did not get.” When we asked participants how they identify the errors, we found that they

identified the misrecognitions for themselves based on the contexts (i.e., texts around text

recognition errors, textures of the objects) in most cases (N = 10). For example, P1 who

recognized texts with Seeing AI said ”If the information reading isn’t very clear, if I can

tell that it’s only reading a part of something then I have to readjust it.” P6 who identified

objects with Seeing AI said ”[...] if I get a soup, and it’s not pronouncing the type of

soup, that type of thing [...].” In other cases, they asked sighted people to clarify (N = 5),

verify the outputs from the app with multiple trials (N = 5).
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Figure 7.8: The number of missed errors (false negatives, FN) and correct predictions
considered as misrecognitions (false positives, FP).

7.3.2 Results from Error Identification Task

Over the 30 trials, the accuracy of the object recognition was 0.76 (SD = 0.10) on

average. Participants got between 4 and 13 errors during the task. We counted the number

of missed errors (false negatives) and the correct predictions considered as errors (false

positives). The number of false negatives and false negatives were 3.67 (SD = 2.46)

and 0.5 (SD = 6.74) on average. The proportion of errors that are identified by the

participants was 0.49 (SD = 0.32) on average. These results indicate that participants

tended to believe the predictions from the object recognizer rather than having doubts on

them, missing more than half of the errors.

While participants missed many errors, they mostly thought identifying the errors

is not challenging. When asked if it was challenging, the majority of them disagreed

(N = 5) and strongly disagreed (N = 3). P8 who has low vision could tell the correct

and incorrect predictions based on their vision and the textures of the object. Some

participants identified errors by comparing the predictions in multiple trials. For example,
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P10 elaborated ”I didn’t recognize a mistake until the second similar object appeared. So

like the two cans of the Lacroix apricot and Lacroix mango, one of them was incorrect

because it was telling me apricot both times.” The errors were sometimes clear for the

participants because the predicted and true objects had different textures, shapes, or

weights as mentioned by P12. He said ”[...] for example, the diced tomatoes versus

the chicken broth, chicken broth is more liquid. It was easy to identify that it was wrong.”

On the other hand, only three participants agreed. On the other hand, some participants

agreed that it was challenging to identify the errors (N = 3). Two of the three participants

mentioned that the recognition results were not consistent with an object, making it hard

to decide whether the results are correct or not. A participant mentioned that it was

difficult to remember all objects explained at the beginning of the study and it made it

hard to decide whether the recognition results were correct or not.

7.4 Discussion

7.4.1 Understanding the Contexts of Using the Object Recognition Apps

Looked into blind people’s experience with camera-based assistive apps, we observed

that the majority of them were about using text recognition apps. Comparing the results

in this study and a study in a prior study by [142] in 2011, we could see that both text

and object recognition are more popular now than a decade ago. However, the object

recognition apps were found not to be as popular as text recognition apps among the

participants in this study. One of the possible reasons would be that text recognition

would be more reliable than object recognition in practice because the texts in documents
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are more structured than the shapes and textures of arbitrary objects. A problem in

general object recognition apps is that the recognition results are not fine-grained due

to the technical limitations in computer vision [20].

Though both text and object recognition use cameras, the blind users’ interactions

with these recognition systems would be significantly different. For example, this study

showed that some participants identified an error based on the texts around the error

while using text recognition and some participants depended on background knowledge

of objects such as textures, shapes, and weights to identify object recognition errors.

Therefore, we need a more in-depth study that separates the user experiences of text and

object recognition apps. Understanding the contexts of using such recognition apps would

provide insights for enabling blind users to identify errors as we found that one of the

strategies for identifying errors in the error identification task was using the information in

context (i.e., recognition results of objects with similar textures). In the error identification

task of this study, we assumed that participants would know the candidate objects (i.e., 15

objects in the task) before using an object recognizer. However, the contexts in the task

would be different from real use-cases. In reality, for example, the accuracy and strategy

of identifying errors would depend on many factors such as whether they know about

the objects and the performance of the object recognizer in advance. To understand the

impact of the context, we need an in-depth analysis of blind users’ experience in using

object recognizers in real scenarios.
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7.4.2 Interface with Feedback for Identifying Errors

As it is challenging for blind users to aim the object properly, adjust a light condition,

check if the background is cluttered, some feedback for them to take good photos would

be helpful. Some participants in this study also have used the feedback from camera-

based assistive apps to capture a target object. For example, P12 who have used Voice

Dream Scanner with feedback mentioned ”It has a system where the louder and steadier

the audio tone is, the better you are. When there’s a certain tone, you’ve got the perfect

picture and you snap it.” Enabling blind users to take good photos not only results in lower

error rates but also affects the trust of the system and the users’ accuracy of identifying

errors. While prior studies have developed systems that provide feedback for centering

an object and adjusting the distance [141, 146], they have not investigated the impact of

such feedback on the error rate and blind users’ interaction with the errors.

Through the interview with participants, we found that the significance of errors

and the frequency of verifying the outputs from recognition apps are affected by the

performance of the apps estimated by the participants through past experience. However,

as a prior study showed that blind users overtrust automatically generated captions [33],

participant’s estimation would not be accurate sometimes. Therefore, informing blind

users of the certainty of the predictions and the exact performance of the apps would

help them identify errors. While prior studies in Explainable AI (XAI) have shown that

explaining certainty and rationale behind the output of a machine learning model can

improve the trust and usability of machine learning systems [163, 164]. However, many

of them are based on visual information inaccessible to blind users or not assessed with
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blind people. In future studies, we need to evaluate the impact of feedback with the

certainty of predictions and the performance of an object recognition system on blind

users’ experience.

7.5 Conclusion

In this chapter, we investigated blind users’ experience with camera-based assistive

apps through a semi-structured interview and measured their accuracy of identifying

object recognition errors through a error identification task. Through the interview, we

found that participants were divided on the difficulty of identifying misrecognitions of

camera-based assistive apps. As they believe the outputs from the apps or some errors

are easily identifiable based on the context, they rarely verified the outputs of the apps.

However, through the error identification task, we observed that the participants miss

more than half of the object recognition errors. Analyzing the participants’ strategies

for identifying object recognition errors, they use their knowledge of the objects such as

textures and weights as well as recognition results of other objects to infer the correctness

of the recognition results. The findings emphasize the demand of understanding the

context of using object recognizers for blind people and designing interfaces that provide

feedback for blind photography and explainable outputs.
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Chapter 8: Exploring Error Understanding and Avoidance in Teachable

Image Recognition With Sighted Users

8.1 Motivation and Introduction

The previous chapters (Chapter 4, 5, 7) covered both speech and image recognition

systems where the machine learning models have been pre-trained and deployed by experts.

This and the following chapters switch the contexts from the interactions with the recognition

systems pre-trained by experts to the systems that can be personalized by end-users

through machine teaching.

As machine learning and artificial intelligence become more present in everyday

applications, so do efforts to better capture, understand, and imagine this coexistence.

Experts from diverse disciplines are working together and critically examining the impact

of algorithmic decisions, their assumptions, and their biases [34, 165, 166, 167, 168].

Error-prone, computationally complex, and failing in ways unexpected by humans, such

algorithms called early on for transparency, interpretability, accountability, and control [169,

170, 171, 172, 173]. More recently, these efforts have redoubled (surveyed in [94, 174]),

fueled by funding and legal initiatives such as the DARPA Explainable Artificial Intelligence [175]

and the European Union’s General Data Protection Regulation [176], while feeding into
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Figure 8.1: Given an object category, MTurkers are called to choose three object instances
and train a robust personal object recognizer using their mobile camera. Here we include
examples from some of the participants’ selected objects.

future initiatives such as the Algorithmic Accountability Act [177].

Machine teaching [4, 178] lies at the core of these efforts as it enables end-users

and domain experts with no machine learning expertise to innovate and build AI-infused1

systems. Beyond helping to democratize machine learning, it offers an opportunity for a

deeper understanding of how people perceive and interacts with such systems to inform

the design of future interfaces and algorithms [180] – a perspective this paper shares.

Within this paradigm, teachable interfaces [150, 181] explore applications where

users can explicitly train a model with their generated data and labels. While facilitating

user control, the effectiveness of these applications can be hindered by the lack of expertise

or misconceptions about machine learning. Though personalization is often the ultimate

goal (e.g. [20]), the interactive nature of these interfaces can help users in return to

1A term in Amershi et al., 2019 [179] for “systems that have features harnessing AI capabilities that are
directly exposed to the end-user.”
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uncover basic machine learning concepts (e.g. [151]).

In this chapter, we examine how people conceptualize, experience, and reflect on

their engagement with machine teaching in the context of a supervised image classification

task, a task where humans are extremely good compared to machines, especially when

they possess prior knowledge of the image classes. As the study in Chapter 4, we

reached out to a larger user pool of sighted participants through crowdsourcing. Using

a teachable interface for object recognition, we recruit participants (N = 100) through

Amazon Mechanical Turk2 to choose three objects in their environment and train a model

to distinguish between them in real-time using the camera on their mobile phones, as

shown in Figure 8.1.

We build a web-based testbed for a mobile teachable object recognizer and ask

participants to train and evaluate it on three objects of choice within an object category

(Figure 8.1). Categories represent daily objects that span different characteristics such

as size, shape, color, material, and function. Through a performance-based payment

scheme [182], participants are called to iterate and reflect over their efforts with the goal

of making their recognition models more robust. Serving as an oracle, they are tasked

with delivering teaching set to the recognition model to help it learn the classification

task.

We conduct a contextualized quantitative analysis on the participants’ photos, their

written responses, as well as their model performance. We find that diversity, important in

machine learning, is deemed important by a majority of participants and incorporated in

teaching strategies, drawing from parallels to how humans generalize across object size,

2https://www.mturk.com/
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viewpoint, location, and illumination [158]. Many misconceptions relate to consistency;

few think that it is good to be consistent and teach with almost identical examples; others

failed to be consistent in incorporating diversity across classes. While participants have

good intuition on the importance of discriminatory features in teaching but on evaluating

their models, we observe susceptibility to missing edge cases. Last, we see that the

majority of participants do not change strategies on a second attempt even though possess

a reasonable intuition on what would be important. We see how our findings and insights

can help better understand non-experts’ interactions with machine teaching and guide

the design of future teachable interfaces that can anticipate users’ misconceptions and

assumptions.

8.2 Method

We deploy our testbed in Amazon Mechanical Turk (IRB #1255427-1) and investigate

how non-experts crowdworkers teach a machine a high-dimensional decision boundary

such as a fine-grained image classification with a few examples only.

8.2.1 Testbed: Teachable Object Recognizer

To explore how non-experts conceptualize, experience, and reflect on their engagement

with machine teaching, we build a web-based teachable object recognizer for mobile

phones. Participants can train, test, and re-train it to distinguish between three objects

of their choice. In this case, a test corresponds to a ‘direct’ evaluation [155], where

participants take photos of their objects in real-time and observe the model’s behavior.
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To help us better contextualize our observations, participants also provide background

information and feedback3.

Our machine teaching problem. As shown in Figure 6.1, we adopt Zhu et al. [4]

machine teaching problem space to characterize the teachable interface in our testbed as

a system where the human is the teacher and the machine is the student. The teacher

provides, in batch mode, a finite pool of examples consisting of labeled photos of objects

as the teaching signal. The teacher takes a model-free approach, treating the student as

a black box, though we anticipate that humans may already have some assumptions on

how the black box works or should work. The student, employing a convolutional neural

network, does not anticipate teaching, i.e.assuming training examples are independent and

identically distributed and that there are no errors. More so, the teacher is considered a

friend, i.e.no adversarial training. Last, we assume that the teacher uses heuristic teaching

methods to improve the performance of the student, the object recognition model in our

case. We aim to better understand these heuristic methods, factors they may relate to, as

well as assumptions that people may have.

Model. For each user, our testbed creates a new convolutional neural network using

the Google Inception V3 [161] pre-trained on ImageNet [5]. Every time the user provides

a teaching set, the last layer of the pre-trained model gets replaced with a new softmax

layer and re-trained with the user’s images with 500 steps and a gradient descent learning

rate of 10−2. The models are trained on our 8 GPU server in real-time asynchronously; the

app continues to run and ask users for open-ended feedback while the training continues

in the back. The web interface communicates with the server using the Flask API [183].

3Questions and prompts can be found in the supplementary material.
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Interface. As shown in Figure 8.2, initially the testbed asks for background information,

technology experience, and familiarity with machine learning. Then, it provides five

object category options: bottle, cereal, drink, snack, and spice, with three sample icons

for each category indicative of the preferred shape. Categories are inspired by prior

work on personal object recognizers [20] and are engineered to elicit objects that are

present in daily life but differ in size, shape, color, material, and function. Participants

can choose to train only on one of the categories. To avoid object shape or size from

being a factor in any observed inconsistencies between the classes, they are asked to use

objects (a total of three) that fall within the same category; three, the smallest number for

multiclass classification and previously used in teachable interfaces for non-experts [181],

minimizes challenges in finding different object instances within a category in a real-

world environment as well as the task completion time (already 40 mins long). After

labeling their objects, participants are guided through five interactions with the machine

learning model (the student)4:

Preliminary test (TS0): Participants are asked to take photos of their objects to see if

the existing non-personalized model can recognize them. The instruction reads: “Take a

photo of an object (name at the top) by tapping on the camera screen. The existing model

will try to predict it.” Given an object label displayed at the top, one takes a photo of

the corresponding object and sees the recognition result (a label displayed for 3 seconds).

This repeats 15 times (5 times per object in random order). As expected, during this

interaction recognition results will not match participant’s labels as the generic model is

based on Google’s Inception V3 and is not yet personalized. There is a dual motivation

4All instructions can be found in the supplementary material.
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Figure 8.2: Testbed screenshots: questionnaires, category selection, object labeling, and
camera view in training and testing.
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behind this interaction. First, it helps familiarize with the interface, which simulates the

native camera app. Second, it helps collect evaluation examples unbiased from one’s

teaching experience that is to follow.

Train 1 (TR1): Participants are asked to train the object recognizer with the following

instructions: “Train our object recognizer to identify robustly your objects anywhere,

anytime, for anyone. We will randomly choose one of your objects and ask you to take 30

photos of it. You will be paid $2 extra if your examples pass our robustness test.” Here, we

hint that model robustness means to be able to recognize an object anywhere, anytime, for

anyone. Motivated by Ho et al. [182] performance-based payment scheme, we also create

the impression of a ‘secret’ test distinguishing examples best for robustness, though on

our end this is merely a naive quality examination (e.g.photos of objects in a screen rather

than in the real-world). As shown in Figure 8.2, given an object label displayed at the top,

participants take 30 sequential photos. This repeats 3 times (1 time per object in random

order). Thus, the first teaching set comprises 90 photos (30 per object).

Test 1 (TS1): Similar to TS0, participants are asked to “Test the trained object

recognizer again to see how robust it is.” Here, recognition labels match participants’

labels except in cases of misclassification, where an object is misrecognized as one of the

other two. Again, no confidence scores are shown.

Train 2 (TR2): Participants are given an opportunity to re-train their model from

scratch with the following instructions: “You told us what you would do differently, now

show us! On the next screen, take 30 more pictures of the requested object. You will be

paid $3 extra if this training does better than the previous one in our robustness test.”

Test 2 (TS2): As in TS1, users can test the re-trained model. The instruction given

121



to the participant was “The object recognizer is trained again. Test the trained object

recognizer.”

Eliciting Feedback. The testbed includes the following open-ended questions:

“What did you think was important to consider when training the object recognizer?”

after TR1; “If you were to retrain the system to make it more robust, what would you do

differently?” after TS1; “How did you position the object in the image?”, “How did you

decide the distance of the camera from the object?”, and “How did you decide which side

of the object is visible in the image?” at the end.

8.2.2 Participants

We recruited 143 participants over 10 days. However, data from 43 were excluded

from the analysis – 7 helped in piloting, 1 used the same object for all classes, 3 took

photos of objects in display screens, 2 took photos with no objects. The other 30 had

technical problems by attempting the task simultaneously with our system failing to

distribute them across the 8 GPUs, losing data from 12, and interrupting the task for

the other 18; all were compensated and the bug was fixed. The 100 participants who were

included in the dataset ranged from 20 to 60 in age (µ=32.6, σ=8.3); 49 were male, 50

female, and 1 non-binary with 90 reporting being right-handed. No one reported a visual

or motor impairment. As shown in Figure 8.3, the majority of participants are frequent

users of mobile devices taking photos with them weekly, though many of them don’t use

any applications for recognizing objects, food, or plants. When asked about familiarity

with machine learning, 6 reported never having heard of it, 45 had heard of it but didn’t
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How would you classify your 
level of familiarity with machine learning?

Use apps that can recognize type of objects, 
food, or plants through the camera

Take pictures using a mobile phone

Use a mobile device 1%

77%

9%

99%

21%

87%

0%

2%

4%

100 50 0 50 100

100 50 0 50 100

Never
Once a month

Several times a month
Once a week

Several times a week
Once a day

Several times a day

51% 49%

Percentage
Not familiar at all Slightly familiar Somewhat familiar Extremely familiar

Figure 8.3: Participants’ technology experience and familiarity with machine learning
mostly ranging from slightly (have heard of it but don’t know what it does) to somewhat
familiar (I have a broad understanding of what it is and what it does).

know what it does, 48 had a broad understanding of what it is and what it does, and only

one reported having extensive knowledge.

8.2.3 Procedure

With the goal of attracting non-experts in machine learning, we opted for a HIT

description that minimizes technical terms: “You will be asked to take photos of everyday

products such as soda cans, cereal boxes, and spices to teach your phone to automatically

recognize them. To see how well the object recognition works you will test it by giving

a single photo at the time.” A warning message was displayed if participants attempted

to start the study from a device other than a mobile phone. Only one participation was

allowed.

Through piloting, we estimated that a study session could be successfully completed

within 30-40 minutes. Adopting a $15/hour compensation rate [184] all participants
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received a total of $10 once all the data collection was completed. To incentivize participants,

we used a performance-based payment scheme [182], where this amount was split as $5

flat participation, $2 bonus for passing “our robustness test” in the first attempt to train,

and $3 bonus for achieving a better performance in “our robustness test” the second time

around. Given that objects differ across participants it was not possible to have an ideal

‘secret robustness test’; the bonus was decided merely on a quality check. While the

testbed’s connection is persistent and one could do other tasks in between, we observe

that participants took on average 35.57 minutes (14.21-79.86, σ=12.85) to complete the

study, very close to our estimates.

We explore how participants conceptualize, experience, and reflect on their engagement

with machine teaching by looking at the photos they took for the teaching and testing

sets as well as changes in their behavior when repeating the process. Observations are

contextualized with participants’ responses.

Visual Attributes in Photos. We collected a total of 22, 500 photos from 100 participants

across all training and testing interactions. To uncover patterns in participants’ teaching

strategies, photos were coded using thematic coding [113]. Two researchers independently

created initial codebooks of visual attributes in photos across four dimensions, i.e.size,

location, viewpoint, and illumination; prior work on visual object understanding [158]

indicates that our ability to recognize objects generalizes across these dimensions. We

want to see how participants draw parallels from their understanding of robustness in

these dimensions to enable machines to do the same.

Researchers discussed disagreements to produce a final codebook, shown in Tables 8.1–

8.3 with examples in Figures 8.4 and 8.5. There are two types of attributes: binary
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Table 8.1: Variation attributes, true if a variation is present for at least one object.
Variation Definition

VSizeDist
True if camera distance, ratio of object height to frame, differs for two or
more photos using [0, 0.25), [0.25, 0.5), [0.5, 1.0), and [1.0,∞) bins.

VLocBg
True if the background differs for two or more photos, i.e.different
locations or perspectives of a space.

VViewSide True if the side of objects differs for two or more photos.

VViewAngle
True if the angle between the camera and the object with the same side of
an object differs for two or more photos.

VViewPos
True if the position of the object in the camera frame, center, top left, top
right, bottom left, or bottom right, differs for two or more photos.

VIllumExp
True if the exposure to light differs for two or more photos taken at the
same location.

VIllumSrc
True if the source of light differs for two or more photos because they were
taken at different locations.

and count. Binary attributes capture the presence of variation or inconsistency within

a teaching or testing set of photos. If a participant varied photos for an object along

with an attribute such as distance (VSizeDist) or background (VLocBg), the corresponding

attribute is 1; otherwise 0. Similarly, variation inconsistency across the three objects is

captured through binary attributes, named ISize, ILoc, IView, IIllum. Count attributes

indicate the number of photos within a set with a certain characteristic such as the presence

of participant’s hand (CHands) and use of flashlight (CFlash) or a quality issue such as

dark (QDim) and blurry (QBlurry) photos. There was substantial agreement (Cohen’s

kappa=0.80).

Subjective Feedback. Participants’ responses to the open-ended questions were also

analyzed with a thematic coding approach [113]. The same two researchers who coded

the photos, created initial codebooks and merged them through discussions resolving

disagreements. Responses were coded independently with a substantial agreement (Cohen’s

kappa=0.73).
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Table 8.2: Inconsistency attributes, true if there is an inconsistency in variation across the
three objects.

Count Definition

ISize
True if the camera distance varies in the photos for one or two objects but
not all three.

ILoc
True if the background varies in the photos for one or two objects but not
all three.

IView
True if size, angle, or position capturing viewpoint varies in the training
photos for one or two objects but not all three.

IIllum
True if light exposure or source capturing illumination varies in the
training photos for one or two objects but not all three.

Table 8.3: Count attributes, number of photos with a given characteristic including those
looking at quality issues.

Count Definition

CCrop
Number of photos where the object is cropped, i.e.object is close to the
camera, out of frame, or obscured by another object.

CReshape
Number of photos where the object was reshaped (e.g.opening a lid of a
package).

CContents
Number of photos where the contents inside a package was taken out of
the container or the inside of the package is visible.

CNoBg
Number of photos where were the background is not visible because the
photos are filled with the object completely.

CPlainBg
Number of photos where the background includes two or fewer colors with
no or very simple textures.

CClutBg
Number of photos where the background is cluttered with objects other
than the object of interest.

CTextBg
Number of photos where the background includes a wall, floor, or furniture
with texture.

CHands Number of photos where the participant’s hand(s) is visible in the photo.

CLogo
Number of photos where the side with the logo (or label) of the object was
visible in the photos.

CFlash
Number of photos where the brightness varies in different parts of the photo
like using flashlight.

QSmall
Number of photos where the object is too small (height of the object ¡ 25%
of the height of the photo).

QDim
Number of photos where the brightness of the photo is too dark to
recognize texture or edge of the object.

QBlurry Number of photos where the object of interest is blurry.

QIrrelevant
Number of photos where the photo includes only irrelevant objects without
the object of interest.
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Figure 8.4: Examples of variation attributes in teaching sets.

8.3 Results

8.3.1 Teaching and Debugging Strategies

We explore how variation5, inconsistency, and other attributes manifest on participants’

image sets when they are first called to train the object recognizer on objects of their

choice.

Incorporating diversity in teaching. Diversity plays an important role in machine

learning [185]. When incorporated in the teaching set, it ensures that examples can

provide more discriminatory information to help the model learn. By looking at participants’

5A preliminary analysis of this appears in a work-in-progress [1].
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Figure 8.5: Sample photos considered by the count attributes.

photos (results in Figure 8.6) and by reading their responses, we find that the majority

of the participants share this intuition, but not all. In detail, 23 participants (age 21–

60, µ=37.57, σ=9.87) did not include any kind of variation in their TR1 teaching set

– 3 of them reported never having heard of machine learning, 12 had heard of it but

did not know what it does, and 8 had a broad understanding of what it is and what it

does. Immediately after training, when asked about what they considered important, 5

participants referred to the need for consistency, which in this context contradicts the way
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machines and people learn. For instance, P6 said “I figured I needed to be consistent

when I took the picture so they looked similar.” and P30 “Keeping the pictures the same.”

Others, who did not consider this type of consistency, mentioned that it is important to

have a good quality photo where the object is well framed (4) with visible labels (8) and

images that are clear (6) with ample light (2). Without even having tested their model,

P2 said: “Getting different angles and perspectives so the trainer could recognize it more

easily” – a contradiction to their initial teaching set that had no variation. We observed

that in TR2, P2 reflected on this observation and varied both the object size and viewpoint.

Only two other participants from this group did so as well, P5 and P18. They said having

the “name and color in” is important in TR1 but also varied the camera distance (P5) and

angle (P18) in TR2.

However, the majority of participants (N = 77) diversified examples in their first

attempt. They varied either size (N = 65) or viewpoint (N = 63), with some considering

location (N = 39) and illumination (N = 19). Light exposure was least diverse (N = 4).

Looking at responses on important considerations for training, many participants (N =

52) mentioned these strategies6 and reflected on the need for diversity with concrete

terms such as “different”, “various”, “all”, “many”, “multiple”, “every”, “variety”,

and “difference” combined with “angles”, “views”, “sides”, “facets”, “background”,

“lighting”, “distance”, and “positioning”. These terms correspond to the four dimensions

of our coding scheme informed from prior work on visual object understanding [158],

highlighting that humans’ strategies for machine teaching parallel their own abilities.

6All questions, instructions, and prompts prior to training were carefully edited not to prime participants
towards our coding attributes.
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Figure 8.6: Number of participants per variation and inconsistency attribute across all
five interactions with the model: preliminary test (TS0), train 1 (TR1), test 1(TS1), train
2 (TR2), and test 2 (TS2). The graphs on the left indicate how participants incorporate
diversity in their photos in terms of object size, viewpoint, location, and illumination
when they train and debug their models.

However, only 11 participants (age: µ = 34, σ = 8.71) incorporated diversity in their

teaching set across all four dimensions – 3 reported having heard of machine learning

with no further understanding, and 8 had a broad understanding of what it is and what it

does.

Being fair and consistent between classes. Model consistency across classes is

a desirable trait in machine learning with many social implications for fairness, whose

definition is still being debated in the community (e.g. [186, 187]). There is anecdotal

evidence on non-experts learning to balance class proportions in the training set over

multiple iterations [155, 157]. By keeping the number of training examples constant,

we look into their behavior across other potential disparate treatments. Given that many

participants considered diversity important for good performance, we explore how fair7

(i.e.consistent) they are in incorporating diversity across their three objects, with results

shown in Figure 8.6. Beyond the 23 participants who did not introduce any variation for

any object, we find that there were 30 other participants that were consistent. This is

7In this work classes are object instances that fall within the same category and consequently share
similarities such as shape, size, and material in the context of the decision making task of incorporating
variation. Thus, we consider “individual fairness” [188], where “similar individuals should be treated
similarly”, and explore whether object instances within a category are being treated the same by a
participant when introducing variation in the training photos.
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Figure 8.7: Percentage of photos per participant given a count attribute, with standard
error as error bars. Participants took photos mostly with the logo on it and many of them
against a textured or cluttered background. Often the objects were cropped in the camera
frame and sometimes participants’ hands were included in the photos. Surprisingly, few
participants opened the object and trained the model on their content as well. The most
common quality issues were blurry and dim photos though not that prevalent.

promising, especially since this included participants from all levels of familiarity with

machine learning: not familiar at all (N = 1), slightly familiar (N = 11), somewhat

familiar (N = 17), and the only participant in our study that reported being extremely

familiar (N = 1). While none of these participants explicitly mentioned consistency

as important, we find that more than half of them (N = 16) continued doing so in their

second attempt at training, in TR2. For the remaining 47 participants, their inconsistencies

were found in variations related to all four dimensions: object size (N = 21), viewpoint

(N = 31), location (N = 10), and illumination (N = 5).

Deciding what to show in the teaching set. We analyze the fine-grained count

attributes in teaching and training sets (Figure 8.7) to uncover common teaching patterns

across participants. Khan et al. [189] observed that one of the most prominent teaching

strategies for a binary classification task among non-experts, called the extreme strategy,

is consistent with the “curriculum learning” principle [190, 191], where participants start

with the most extreme examples and continue with those closer to the decision boundary8.

While our batch teaching task does not allow for a similar sequential analysis, we find

8In the Khan et al. [189] study participants did not generate the examples but they ordered them as most
representative of the two classes and chose to teach one by one using all of them or a subset.
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that almost all participants (N = 98) included the logo (or label) of objects in their

teaching sets; on average 84.9% (SD = 25.0) of any participants’ images included

logos. This indicates that participants understand that logos and labels tend to include the

most discriminatory features, which serve as the most extreme examples. Then, through

variation, they add less discriminative viewpoints that are closer to the decision boundary.

Indeed, 18 participants explicitly mentioned logos or labels as being important in training.

For instance, P36 said “... trying to have a constant label view” and P46 “... a clear shot

of the front of the package with minimal background interference.” When looking deeper

at these responses though, we find that many of the participants assumed that the machine

would read the text. For example, P28 said “It [the model] recognizing the different

cereals by name” and P44 “Getting a clear shot where the writing and the size are clear.”

In terms of the background, we find that the majority were textured (N = 66) or

cluttered (N = 62), while many used plain (N = 48) and a few none at all (N = 11)

– the latter two are preferred since very few varied the object location. We observe

that 26 participants included their hands in the photos. The presence of hands has been

leveraged to better distinguish objects by modeling the contextual relationship between

grasp types and object attributes [192] or to estimate the object of interest in a clutter

environment [140, 146]. However, given this study’s fine-grained task, the grasp is

expected to be similar across objects of the same category. Thus, the presence of the

hand doesn’t really help, especially if it is not applied consistently across classes. More

surprisingly, we observe that 8 participants reshaped their objects, e.g.opened the lid,

and 4 decided to train on the content of the object as well, e.g.cinnamon powder. When

asked what is important for training, one of these participants, P76, said: “Getting lots of
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different angles and different ways the spice could be portrayed.” In general, there were

not many photos with quality issues. Participants took clear photos in most cases and

many of them mentioned the importance of image quality in their responses, but some

(N = 36) mistakenly took a few blurry photos. Also, objects sometimes appeared too

small (N = 17) and occasionally the light was dim (N = 9).

Debugging and including edge cases in testing. When asked to evaluate their

model in TS1, many participants (N = 30) did not diversify their images at all – 2

of them reported never having heard of machine learning, 17 had heard of it but didn’t

know what it does, and 11 had a broad understanding of what it is and what it does.

This means that they did not check whether the recognizer is robust. We also find

that compared to training, fewer participants diversify their testing set across object size

(N = 57), viewpoint (N = 49), location (N = 21) and illumination (N = 6). This

could be explained by many factors such as: a smaller number of photos in testing

(15) compared to training (90); difficulty in conceptualizing robustness; assumptions

about machine’s generalizing capabilities; not anticipating future uses of the model under

different circumstances; or simply minimizing efforts for this HIT. Logos were still included

by the majority of the participants (N = 98) and the same number of participants (N =

11) took photos that did not include any background, keeping their testing data consistent

with their training examples. Similar to what Zimmermann et al. [157] observed, participants

“enacted [testing] practices wherein their models appeared to have high reliability but

questionable validity.” We also find that participants took fewer photos with plain background

(W = 756, Z = 2.17, p = .030, r = 0.15), and objects that were too small (W = 126.5,

Z = 2.61, p = .011, r = 0.18) using a Wilcoxon signed-rank test. None of the interesting
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object reshaping, or content images present in training, carried over to testing; a similar

behavior to Kacorri et al. [20], with “exaggerated” variation in training unobserved in

testing.

8.3.2 Changes in Teaching Strategies Through Iterations

Prior work indicates that the interactive nature of teachable interfaces can help users

uncover machine learning concepts [151]. We ask participants whether they would do

something differently were they to retrain the model for a second time and offer a bonus

if they could make it even more robust.

Updating teaching strategies to improve performance. “Is this information a

signal or noise” was one of the most common debug strategies by experts [193]. We

investigate whether participants employ a similar approach by comparing TR2 to TR1

in terms of the variation, inconsistency, and other image characteristics, which serve as

information signals for the model. Using a McNemar test for binary and Wilcoxon signed

rank test for count attributes, we find the only significant difference is variation of location

as observed by changes in the photo background (VLocBg). More participants diversified

the background in their teaching set on the first attempt than the second (χ2(1, N =

100) = 4.35, p = .037, φ = 0.21, the odds ratio is 11.86). As in Zimmermann et

al. [157], we suspect that participants were trying to maximize performance by increasing

consistency between their training and testing data, even though in our prompts we had

defined robustness as ability to recognize the objects anywhere, anytime, for anyone. No

other significant differences were observed, though this could be partially explained by
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limitations in the binary nature of our variation and inconsistency attributes failing to

capture changes in magnitude. We shed light into other possible explanations by looking

at participant’s responses.

When asked about what they would do differently if they were to retrain, some

(N = 22) said ”nothing”, ”wouldn’t do it differently”, and ”would not change anything”.

Few said they had nothing to change because they were satisfied with the performance in

TS1 (N = 6). For instance, P23 said ”Nothing it seems very robust after the learning

phase.” This was not a surprise given that in TS1 participants did not opt for a thorough

evaluation, as discussed above. ”Having no idea what to change” was also mentioned

by some (N = 19) reflected by terms such as ”not sure”, ”unsure”, ”I can’t think of

anything”, ”have no idea”, or ”don’t know”. Indeed, we find that the models of these

22 participants perform well on their own test data with an average F1 score of 0.981

(SD = 0.048)9 and significantly better than the rest of the participants (U = 1472, Z =

5.22, p < .001, r = 0.52); a trend that carries over to the second attempt.

Few participants wanted to change elements of the teaching process such as improving

the testbed (N = 3), taking photos faster (N = 1), adding more classes (N = 2), or

adding more samples (N = 6). Yang et al. [193] characterized the latter as “most non-

experts’ only strategy to improve a model’s performance.” Others focused on improving

the quality of their teaching set such as better focus (N = 5), more light (N = 2), show

labels (N = 2), better framing with a certain distance (N = 1), and centering (N = 1).

Few participants (N = 2) explicitly mentioned the importance of the background, with

P83 saying “I would try to change the color of the background to ensure that it knows

9Only recognition labels are available in testing and no scores.
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what the actual object is. I think it was confused by the curry because of the black stove

background which may look like the black cap of the cumin.” Surprisingly, one participant

(P85) pointed to discriminatory limitations of their objects uncovering challenges in fine-

grained classification by stating “Change objects to not look so similar.”

Last, some participants (N = 22) explicitly indicate that adding more variation

in their training set is something they would do. For instance, P14: “I would take a

wider variety of angles” and P21: “Take picture from many different locations lighting

and positions.” Only one, P36 mentioned doing so in testing, “Test different sizes”.

When examining what they actually did in their second attempt at training, we find

differing approaches: some indeed started incorporating new variations (N = 13), some

perhaps changed the magnitude as variations were present in both first and second attempt

(N = 5), and others (N = 4) did not make those changes. While variation for these

22 participants was mostly limited to the 4 dimensions (size, viewpoint, location, and

illumination), few other participants (N = 5) indicated that they would also include

different forms of the same object, e.g.different containers, perhaps difficult within this

study.

8.3.3 Analysis of Performance

We report the performance of the models that the participants train by looking at the

predicted labels during the first and second round of testing using the F1 score measure

(F-score).

Relating observed behavior to performance. Participants achieved on average a
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0.75 (SD = 0.38) F-score in their first attempt to train the model. Using a multiple linear

regression, we explore how attributes capturing their behavior in teaching and testing may

relate to the relative performance of their models. While this performance is far from

an ideal controlled robustness10, it can provide some context for the observations above

such as participants’ behavior in the second attempt. We use a square root transform

of the F-score11 as the dependent variable. As independent variables, we use variation,

inconsistency, and count attributes in TR1 and TS1 and their interaction. For model

selection, we use stepwise variable selection based on Akaike information criterion (AIC) [194]

with results shown in Table 8.4. We find that only 28% of the variability in recognition

performance is accounted by this model, as indicated by the adjusted R-squared metric.

While this is modest, it is not surprising, as there are many factors that can contribute

to the performance of an image classification algorithm. For instance, performance can

vary based on object similarities, a common challenge in fine-grained classification; a

similarity that is not directly captured by our attributes.

In training, we find that variation in light exposure (VIllumExp) relates positively

with the F-score, though very few participants included this type of diversity in their

teaching set. We also see that the number of images where the object is taken against a

plain background (CPlainBg) has a negative relationship with model performance. Though

counter-intuitive, we suspect that lack of diversity in the background might have contributed

to a model that does not generalize well, e.g.when tested. This seems to be supported by

the negative relationship of the number of cluttered background images during testing.

10Such a neutral test is unrealistic in our study since participants choose different objects in different
environments.

11Transformation is used to meet the normality assumption.
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Attempt Variable Estimate Std. Error t value
(Intercept) 0.939 0.048 19.79***

TR1

VIllumExp 0.167 0.063 2.64**
VIllumSrc -0.076 0.049 -1.55
CCrop 0.000 0.002 0.12
CPlainBg -0.002 0.001 -2.50*
CTextBg -0.001 0.001 -1.55

TS1

VSizeDist -0.068 0.037 -1.81.
VViewSide 0.108 0.038 2.83**
VViewPos -0.089 0.045 -1.97.
CCrop 0.048 0.012 4.04***
CClutBg -0.007 0.003 -2.14*
QBlurry -0.016 0.009 -1.74.

TR*TS CCrop -0.001 0.000 -3.16**
Signif. codes: 0 ’***’ 0.001 ’**’ 0.01 ’*’ 0.05 ’.’ 0.1 ’ ’ 1
Residual standard error: 0.157 on 87 degrees of freedom
Multiple R-squared: 0.3681, Adjusted R-squared: 0.2809

F-statistic: 4.223 on 12 and 87 DF, p-value: 3.195e-05

Table 8.4: Modeling recognition performance based on attributes capturing variation,
inconsistency, and other characteristics.

In testing, we find that variation in object size (VViewSide) relates positively with

the F-score. We also see that the number of images where objects appear to be cropped

(CCrop) has a positive relationship with model performance. A plausible explanation

could be that these attributes capture participants’ behavior of zooming in on the object’s

most discriminative features, thus helping the model to distinguish objects. However,

when considered as an interaction between training and testing (TR1*TS1-CCrop), this

attribute appears to be negatively related to the model performance perhaps pointing to

the sensitivity for consistency between the two – if you crop objects in one case, then it

helps to do so in the other as well.

Improving performance the second time around. As shown in the previous

analysis, we observe few changes in participants’ teaching strategies in the second training

as captured by our attributes – though some participants said they would do things differently.
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We find that this is also reflected when comparing the performance of their second model

to the first. On average, participants achieved a 0.746 (SD = 0.38) F-score the first

time and a 0.749 (SD = 0.28) the second with no significant change (W = 80.5, Z =

−0.16, p = .871). However, participants who indicated they would do nothing to improve

their model after the first attempt (N = 22), seem to achieve significantly higher performance

than the rest (U = 1472, Z = 5.22, p < .001, r = 0.52) and this is a consistent trend

across both attempts (U = 1459.5, Z = 5.12, p < .001, r = 0.51). Looking at these

relative low F-scores for such a simple 3-way classification task, it is surprisingly that the

second group of participants did not further improve their performance even though they

expressed reasonable strategies. Perhaps the incentives were not strong enough and they

had a higher threshold for errors, or there was not enough time and iterations to try things

out. It could simply be that their object instances were too similar. Indeed, the majority

(N=38) of the participants in this group had chosen spices.

8.4 Discussion

We see how our results, some being new insights, others strengthening prior empirical

and anecdotal evidence, can help better understand non-experts’ interactions with machine

teaching and guide the design of future teachable interfaces. We highlight some of them

with the following suggestions:

Account for teaching strategies: Our observations suggest that non-experts mainly

tend to teach with clear representative examples and sometimes incorporate examples

that are closer to the decision boundary through variation, which draws from parallels to
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how humans generalize for similar recognition tasks. In the case of object recognition,

these were object size, viewpoint, location, and illumination [158]; though all four were

considered only by a few. Our analysis also suggest that beyond class imbalance [155,

157], there can be other disparate treatments such as inconsistency in the way variation is

incorporated across classes.

Anticipate misconceptions: A prevalent misconception relates to consistency. While

it is true that consistency between training and testing data will result in better performance,

assuming they both represent real-life examples, some thought that being consistent entails

teaching with multiple identical examples with no variation whatsoever. Other misconceptions

relate to the capabilities of the machine for reasoning. For example, participants would

train with visually disparate examples from both the container and its content separately.

Others would assume that the models were able to infer the text.

Help users craft evaluation examples: Our observations indicate that testing examples

tend to be less diverse or not at all. Thus, it is no surprise to see many people wanting to

change nothing, being satisfied with the performance, or not knowing what to do. Even

those who did change their behavior when training for a second time, it was to not vary the

background rather than making their model more generalizable. Help may look different

based on the goal of the teachable interface. If it is personalization (e.g.[195]), then it

could mean guiding the user to generate examples that are more representative of future

use cases [155]. However, if it is an application intended to uncover machine learning

concepts (e.g.[151]) perhaps promoting more model-breaking examples [196] would be

more appropriate; though in the context of a teachable interface this could lead to users

training the model with less authentic data to simply improve its performance [157].
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This work has several limitations listed below:

Task: We explore machine teaching in a narrow context, that of a supervised 3-way

image classification task. This allows us to dive deep in our analysis using a fine-grained

scheme when coding participants examples informed from prior work on visual object

understanding. However, it also limits the generalizability of our findings. We attempt

to overcome this by connecting our results with that of prior work when possible. Three,

the smallest number for multiclass classification, was selected to minimize challenges in

finding different object instances within a category in a real-world environment as well as

the task completion time (already 40 minutes long).

Study: While teachable object recognizers are real-world applications [146], they

are typically intended for blind users. Thus, the sighted participants may lack motivation

in this study. We attempt to compensate for this lack of incentives with a performance-

based payment scheme [182] creating the impression that we have a ‘secret’ test to

distinguish models that are more ‘robust’; though on our end this is merely a naive

quality examination. By doing so, combined with the fact that the testbed shows only the

predicted labels but no confidence scores in testing, we might have limited participants’

criteria for model evaluation [155] to just correctess.

Analysis: Through crowdsourcing we were able to quickly recruit a large participant

pool and collect data outside a lab in the users’ environment. However, this limited our

control over the object instances that participants could use as well as the opportunity to

create our own evaluation set for comparing the performance of the models against the

same data.

To allow some time before testing for the photos to be received on our server and the
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models to be trained on our GPUs, participants were asked to review their training photos

and select 10 out of 30, 5 out of 10, and 1 out of 5. We are still analyzing these data while

considering more fine-grained variation and inconsistency attributes.

8.5 Conclusion

We have presented a crowdsourcing study, where MTurkers choose three objects

in their environment and iteratively train a model to distinguish between them in real-

time using the camera on their mobile phones. By doing so, we were able to explore,

with a large participant pool (N = 100), an instance of a machine teaching problem with

a task where many non-experts can serve as the oracle. Our findings and insights can

contribute to the ongoing discussion on how non-experts conceptualize, experience, and

reflect on their engagement with machine teaching. To allow for study replicability and

future comparisons, we have provided a detailed description of our testbed, its framing

within the machine teaching problem space from Zhuet al. [4], and the list of questions

and prompts used in the study.

Our results are based on a fine-grained analysis of the participants’ examples contextualized

by their responses, background, and model performance. We discuss how they can guide

the design of future teachable interfaces to anticipate users tendencies, misconceptions,

and assumptions. Given our research group’s interest in teachable interfaces for accessibility [195],

our next step will be to explore whether these insights and data from sighted participants

could be leveraged for the design of effective teachable object recognizers for blind users.

Our rationale is that insights from this study can perhaps enable us to decouple non-
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experts misconceptions from challenges in camera manipulations among blind users [146].
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Chapter 9: Designing a Teachable Object Recognizer with Training Set

Descriptors for Blind Users

9.1 Motivation and Introduction

In Chapter 8, we defined some attributes of photos that would affect the performance

of a teachable object recognizer. We see that the attributes describing the photos and

teaching strategies among sighted users can be leveraged to serve as descriptors in teachable

object recognizers where descriptors inform blind users of the attributes of their training

photos. To demonstrate this implication, we built TOR, an accessible teachable object

recognizer that enables blind users to review their training photos through a set of descriptors.

In this chapter, we design, implement the TOR app with descriptors, and evaluate it

with blind participants through a simulated controlled study that was conducted in blind

participants’ homes due to COVID-19. The user study explores the blind participants’

experience with the TOR app and descriptors by asking blind users to use a prototype

of the TOR app and asking questions about their experiences. In addition, while the

user study in Chapter 8 explores the patterns of training and testing a personal object

recognizer with sighted participants, the user study in this chapter further examines the

interactions of blind users and a mobile personal object recognizer app more thoroughly
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including the tasks of training, testing the app, managing items, and iterating these processes

to improve the app. We analyze the blind users’ training and testing strategies based on

their photos taken during the tasks and subjective feedback after the tasks.

We report on a user study with 12 blind participants. We found that the descriptors

in the TOR app benefited the users in their experimentation for collecting good training

examples. Though the descriptors provided approximately estimated attributes of photos

with some errors, the participants could understand the attributes that would affect the

performance of TOR and inspect their training examples with the descriptors. With the

interface design based on findings from prior studies, the subjective evaluation by the

blind participants showed that they could effectively train the object recognizer, test it,

and manage the information of the objects in their training sets. However, they pointed

out important design issues that should be resolved in a future study such as the time-

consuming process to collect many photos for training. The accuracy of recognizing

objects with TOR trained by the blind participants was only 0.65 which is low considering

that we included only three objects in the study, though, they were engineered for a worse-

case scenario. We identified the possible reasons for this through the analysis of the

participants’ photos, revealing that they had a lack of variation, cropped objects, cluttered

backgrounds in their training sets as well as test examples.

To the best of our knowledge, this is the first work to propose non-visual access

and to provide empirical results with blind participants on automatically estimating and

incorporating accessible descriptors for inspecting training data in teachable computer

vision applications. Our analysis focuses on object recognizers, where ‘learning to train’

is deemed as one of the main challenges among blind users [20, 195]. However, we see
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how the underlying methods for extracting meaningful instance- and set-level descriptors

can be adopted for other teachable assistive technologies. Perhaps, they can also serve

as the first step towards more accessible approaches for explainable AI interfaces, where

there is an underlying assumption on people’s ability to visually inspect explanations [197,

198, 199].

9.2 Method

We built a prototype of TOR app on Apple iPhone 8 and evaluated the app design

through a user study with blind participants.

Figure 9.1: Screenshots from the TOR app indicating from left to right the home screen,
teach screen, teach screen with descriptors, teach screen with the number of remaining
photos notification, review screen (top), review screen (bottom).

9.2.1 Interface Design

As shown in Figure 9.1, when users open the app, they enter the main screen which

has three buttons, Scan item, View items, and Teach TOR (Figure 9.1). Users can recognize

an object, manage items in the training dataset, and collect photos of an object of interest

for training the recognition model, respectively.
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9.2.1.1 Training

The Teach TOR button brings users to a screen where they can take photos for

training an object recognition model. The training process includes three steps: taking

photos, reviewing the training examples with descriptors, and providing information (i.e.,

labeling and recording an audio description) for the object.

Taking photos. When users select the Teach TOR button, the app displays a camera

screen where users can take a photo using the shutter button at the bottom center (Figure 9.1).

As soon as they take a photo, the photo is sent to a back-end server which calculates the

descriptors of the photo that may affect the performance of an object recognition model.

The descriptors are instance- and set-level attributes (Table 9.1) devised to help blind

users examine their photos in terms of their quality for the purpose of training. As soon

as a photo is taken, users are notified of the instance-level attributes (e.g., a cropped object

in the photo) with synthesized speech. The attributes are visually displayed on the screen

at the same time as shown in Figure 9.1. For every object, users take 30 photos with the

count indicated in real-time.

Reviewing the photos with descriptors. As shown in Figure 9.2, when users are

done taking the 30 training photos, the app presents a screen with the set-level attributes

indicating how much variation there is among the photos in terms of object size and

perspective as well as background. More so, an aggregate of the instance-level attributes

is given indicating the total number of photos where the object is too small or cropped,

the image is blurred, and the hand is present. After reviewing the descriptors, users may

select OK to proceed or Retrain to restart the training process.

147



Instance-level attributes

Small object
The bounding box of the object is smaller than 1/8 (12.5%)
of the image.

Cropped object The object is partially included in the image.
Blurry photo The photo is too blurry to recognize textures or texts.
Hand in photo A user’s hand is visible in the image.

Set-level attributes
Variation in size A set of images shows objects with different sizes.
Variation in perspective A set of images shows different sides of objects.

Variation in background A set of images show backgrounds with different textures
or items.

Table 9.1: Our descriptors for reviewing photos are informed by prior studies exploring
how people who have no machine learning expertise synthesize their data for training and
iterate on them when they can access them visually [1, 2? ].

Figure 9.2: Screenshots from the TOR app indicating from left to right the labeling screen,
home screen when training is in progress, home screen with a recognition result, list of
items screen, item information screen (top), item information screen (bottom).

Providing information about the object. Before the object recognition model is

trained with the photos, users need to provide a name and optionally an audio description

for the object. A dialogue box with a text field shows up so that users can enter the

name of the object which will be used as a label for training (Figure 9.2). Once this

step is completed, the app notifies that training has started. At this moment, the object

recognition model is trained with the photos on the server-side. While training is in

progress, the Scan item and Teach TOR buttons on the main screen are disabled. Users
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are notified when training is done.

9.2.1.2 Recognizing Objects

The main screen shows a camera view to allow users to take a photo with the

Scan item button. The Scan item button is disabled when users have trained the object

recognition model with fewer than three objects. After training the model with three or

more objects, users can recognize objects by taking photos of them with the Scan item

button. When a photo is taken, the photo is sent to a server where users’ personal object

recognition models make a prediction. The mobile app plays a synthesized speech of the

label and visually displays it on the screen. Users hear the label in 100 milliseconds

after taking a photo. To distinguish the objects not in the training dataset, we employed

an approach of quantifying the confidence level of the discriminability with the entropy

of confidence scores [200]. Specifically, when the entropy value is greater than 2.0 or

the confidence score is lower than 0.4, the app says ”Don’t know” in synthesized speech

instead of the label from the model. The thresholds of the entropy and confidence score

were decided based on internal tests conducted by our research team.

9.2.1.3 Managing Items in One’s Dataset

When users select the View items button on the main screen, the app shows a screen

with a list of items (Figure 9.2). The list includes the names of objects, dates when the

objects are added, and thumbnail images. When users select one of the items, the app

brings them to a screen with descriptors and the photos that the users have taken to train
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the object recognizer (Figure 9.2). In this screen, users can select the edit button to change

the name of the object and re-record the audio description as they did when entering the

name and recording an audio description of the object for training (Figure 9.2).

9.2.2 Implementation

We build TOR as an iOS app on the Apple iPhone 8. For the object recognition and

estimation of the descriptors, we use various computer vision techniques such as image

classification, object detection, and hand segmentation. To speed up the calculations for

real-time interactions, these functions run on a back-end server with GPUs, though, the

promise of teachable object recognizers is that eventually they will run on the device for

more privacy. The TOR app and the server communicate through HTTP.

9.2.2.1 Object Recognition Model.

The base model for object recognition is Inception V3 pre-trained on ImageNet [5].

When users train the TOR app, the last layer of the base model is fine-tuned using transfer

learning with the photos taken by the users. The transfer learning is done with a gradient

descent algorithm with 500 iterations and a 0.01 learning rate. For example, the training

takes around 80 seconds with 90 photos of three objects.

9.2.2.2 Descriptors.

The attributes in Hong et al. [201], which inspired our descriptors, were originally

coded manually by two researchers after visually inspecting the photos taken by the
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participants. Given that this is not a trivial process, methods like Wizard of Oz did

not deem appropriate in this early exploration of these descriptors for facilitating an

experimentation that is accessible for blind users. Thus, we opted for methods that attempt

to automatically estimate them, even though, developing techniques for more accurate

estimations is beyond the focus of this paper and is briefly discussed in section ??. In the

current version of TOR, the descriptors are estimated with the following approach:

• Small object: The bounding box of an object in the image is detected by a YOLOv3

object detection model [202]. The object is considered too small if the size of the

bounding box is smaller than 1/8 (12.5%) of the image.

• Cropped object: If the bounding box is at the edge of the image, we considered

the object cropped.

• Blurry photo: An image is converted to a grayscale image (the values of pixels

have a range of 0-255). If the variance of pixels in the output of Laplacian edge

detection [? ] is lower than 3.0, the photo is considered blurry.

• Hand in photo: The pixels from a hand are detected via a hand segmentation model

that has been previously tested with blind participants [140]. If the pixels are more

than 0.3% of the image, a hand is detected.

• Variation in size: The position of the camera (i.e., the smartphone device) is

detected using the 3D coordinate system in ARKit1 of iOS when a photo is taken.

As the size of the object changes depending on the distance between the camera

1https://developer.apple.com/documentation/arkit/content_anchors/
scanning_and_detecting_3d_objects
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and the object, the differences in the positions of the camera are measured. The

variation is calculated using the standard deviation of the differences.

• Variation in perspective: The sides of an object are detected using the 3D object

detection in ARKit. The number of sides shown in the photos is used to measure

the variation in perspective. While the object can be detected with ARKit when the

object is captured clearly with a plain background, it would not work with photos

with cluttered background or a cropped object. When the object is not detected from

a user’s photos, the orientation of the camera was used to measure the variation in

perspective instead of the number of sides assuming that a user would move the

camera to capture different sides of the object. We calculated the standard deviation

of the cosine similarities between the orientations in the 3D coordinate system of

ARKit to measure the variation in perspective in this case.

• Variation in background: Assuming that the backgrounds captured in photos can

vary as a user moves the camera to different places or change its orientation, we

used the orientation and the location of the camera to measure the variation in the

background. Both the standard deviation of differences in orientations and locations

in the 3D coordinate system are calculated. The maximum value of the two standard

deviations is selected as a variation in background.

9.2.3 Procedure

To explore the usability of TOR and its potential for increasing the accessibility

of experimentation with teachable object recognizers, we conducted a user study with
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blind participants. Participants were asked to train the app to recognize three snacks.

Participants carried out tasks of training, testing their object recognition models, and

reviewing the information of the items in their training dataset with the app. After

each task, we asked questions about their experiences. The study is approved by IRB

at [Anonymized institution] (IRB #: anonymized).

9.2.4 Participants

We recruited 12 blind participants (6 female, 6 male) from campus email lists and

local organizations (Table 9.2). The participants ranged in age from 32 to 70 (M =

54.3, SD = 15.2). They self-reported being totally blind (N = 3), having some light

perception (N = 5), or being legally blind (N = 4). All participants have used smartphones

several times a day. P1 and P2 reported having some hearing loss (auditory processing

disorder and difficulty in hearing high frequencies, respectively). All participants reported

that they take a photo or record a video at least once a month. When asked to report their

levels of familiarity with machine learning in 4-scales: not familiar at all (have never

heard of machine learning); slightly familiar (have heard of it but don’t know what it

does); somewhat familiar (have a broad understanding of what it is and what it does);

extremely familiar (have extensive knowledge on machine learning), two participants

selected not familiar at all, eight selected slightly familiar, and two reported being somewhat

familiar.
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ID Age Gender Level of vision Age of onset Familiarity with ML*
P1 39 Female Light perception Birth Not familiar at all
P2 67 Male Legally blind 55 Slightly familiar
P3 62 Female Totally blind Birth Somewhat familiar
P4 32 Male Legally blind 20 Slightly familiar
P5 66 Male Light perception 46 Slightly familiar
P6 61 Male Light perception 41 Somewhat familiar
P7 70 Male Legally blind Birth Slightly familiar
P8 50 Female Legally blind 45 Slightly familiar
P9 69 Female Totally blind 55 Not familiar at all
P10 66 Female Light perception Birth Slightly familiar
P11 33 Female Light perception Birth Slightly familiar
P12 36 Male Totally blind Birth Slightly familiar

*ML: Machine learning

Table 9.2: Participants’ characteristics.

9.2.5 Procedure

The study took place in participants’ homes due to COVID-19. The participants

were given a laptop and wore Vuzix Blade smart glasses [? ] with an online meeting

application (Zoom) to communicate with the experimenter remotely. The study consists

of three tasks: 1) training the TOR app with photos of objects, 2) testing the performance

of the TOR app, 3) reviewing and editing the information of the objects. At the beginning

of the study, we explained the concept of TOR briefly with minimal description of how

to take photos to train or test the app effectively so that we can observe participants’

strategies for taking photos for training and testing an object recognizer. The description

of the app given at the beginning of the study reads as follows:

”The idea behind the app is that you can teach it to recognize objects by

giving it a few photos of them, their names, and if you wish, audio descriptions.

Once you’ve trained the app and it has them in its memory, you can point it
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Figure 9.3: Object stimuli in the study: Fritos, Cheetos, and Lays.

to an object, take a photo, and it will tell you what it is. You can always go

back and manage its memory.”

Participants were asked to train the app with photos of three objects in Figure 9.3.

The order of objects was fully counterbalanced between participants. When participants

train the app with the first object, the experimenter provided instructions on the user

interface of the app step by step. For the second and third objects, participants were asked

to train the app for themselves and they could ask the experimenter about the user interface

if necessary. After training the app with three objects, they tested the performance of their

models by taking photos of the objects. Participants did not have any restrictions on how

many photos they need and how the objects should be captured during the tests. They

measured the performance of their object recognizer and decided when to finish testing

it for themselves. After the tests, participants were asked to review the information of an

object (i.e., descriptors, label, and audio description) and edit the label of it at the end.

Throughout the study, we encouraged participants to think out loud and to ask

questions at any time. For each task, we asked questions related to the experience with

teachable interfaces and usability satisfaction questions developed by Lewis [? ]. At the

end of the study, we also had a post-task interview with open-ended questions about their

overall experience with the app. All questions in this study were either open questions or
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on a 5-point Likert scale (i.e., strongly disagree, disagree, neutral, agree, strongly agree).

9.2.6 Object Stimuli

Based on the need for recognizing objects with similar sizes, weights, and textures [20]

with fine-grained labels, we used three snacks for this study with the same size, texture,

and nearly identical weights, shown in Figure 9.3. With these snacks, we could simulate

a scenario that a blind user uses TOR to recognize different objects that are difficult to

distinguish with the tactile sensation only. It is engineered to be a challenging scenario as

it involves fine-grained recognition for similarly shaped and colored deformable objects

with reflective surfaces. Unique and personal objects without logos or texts on them

(e.g., key, mug cup) can be potentially used with TOR and perhaps could fit a more

realistic scenario. However, for this study, we included only commercial products to

allow for comparison and replicability similar to what other prior studies regarding object

recognition have done [20, 146, 203].

9.3 Results

We found that participants could train an object recognition model, test to see

how well it works, and review the information of their training examples with TOR.

All participants could complete the tasks in the study successfully. While participants’

responses to the questions in the study revealed that it was easy to complete these tasks

in general, they also pointed out some design issues to improve the usability of the app.

Moreover, analysis of participants’ feedback and photos revealed some problems in their
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Figure 9.4: Participant responses to questions about their training experience during the
study.

strategies of taking photos for training and testing an object recognition model which can

be potentially resolved with guidance from the app.

9.3.1 Training

We evaluate the interface design based on participants’ feedback. We analyze the

interaction with descriptors and participants’ strategies of training an object recognition

model in-depth.

9.3.1.1 Interacting with the Interface for Training

Participants spent 143.8 seconds (SD = 72.4) to take 30 photos of an object on

average. Six participants re-trained the app with at least one object after reviewing the

training photos with descriptors. All participants completed the training task though the

performance of the object recognition model varied across participants. When asked

if they could train the app effectively, ten participants agreed that they could. Seven

participants thought the training interface was easy to learn and straightforward. P1 and
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P10, for example, who are not familiar at all and slightly familiar with machine learning

said ”after a while, I learned that I could train it” and ”It’s pretty easy. You have to

teach me though. But if you teach me then it’s pretty easy to follow instruction and finish

the process,” respectively. Three participants mentioned that the descriptors helped them

understand their training examples. For example, P3 said, ”(I could train it effectively)

because you can use the feedback for determining if you’ve gotten a good representation

of the object.” On the other hand, P11 and P12 neither agreed nor disagreed that they

could train the app effectively. P11 pointed out that taking 30 photos is a time-consuming

task, saying ”I don’t really feel like I was all that effective, because it takes a while to train

for each one.” P12 thought the descriptors were not helpful due to errors. P12 mentioned

”I don’t think that the app is correct, especially when I know, for example, that my hand

was not in the photo...I don’t have a lot of confidence in the app’s accuracy.”

When asked about whether they could train the app quickly, five participants agreed,

but four disagreed and three were neutral. Seven participants thought that taking 30 photos

is tedious. For example, P10 said, ”The process is pretty straightforward. But I have

to spend, like, quite long time to train the three objects.”. To resolve this problem, P6

suggested allowing users to record a video to shorten the step for collecting multiple

photos of an object. For the question about the difficulty of the training task, all but one

participant agreed or strongly agreed that the task was not difficult. P11 who was neutral

thought it was not difficult but tedious.

While participants could record audio descriptions if they want, only four participants

did during the study. One of the participants added the audio description to clarify the

object with details. P10 said ”The reason I did with the Lays is because Lays makes
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different things. They make potato chips, Fritos. So I wanted to say it was potato chips

because I thought that’s what they were.” Six participants thought that the label itself was

enough to understand the object. However, three of them mentioned that they would add

audio descriptions for other kinds of objects. P7 said, ”[...] regarding some food, if it

were, for example, milk, I might add it for any of the other items that have an expiration

date.” Another reason for not adding the audio description was that two participants did

not like listening to their own voice from the app. On the other hand, P2 thought it is

easier to understand his own voice than synthesized speech.

9.3.1.2 Interacting with the Descriptors

All but one participant (P1) agreed or strongly agreed that the descriptors are easy

to understand. This indicates that the factors that may affect the performance of the

object recognizer are easily understandable to the users. P6 said ”I understood what it

was telling me. I didn’t have questions about what I was supposed to do.” However,

the values of descriptors presented while the participants reviewed the photos would be

somewhat ambiguous to the participants as mentioned by P1 who was neutral on this.

P1 said, ”I guess just knowing exactly what they’re referring to what numbers are really

preferable.” P4 also mentioned the challenge in understanding the values, but he could

figure it out based on his experience during the study. P4 said ”I wasn’t aware of any of

those fields when we did the first object [...] For the second and third objects. I could take

a little bit more variation in the photos or to better train the application.”

While the current app had some errors in estimating the descriptors of photos,
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participants thought the descriptors are useful to understand what to do to collect good

training photos. To measure the accuracy of the descriptors, we calculated the correlation

coefficients between the estimated and manually annotated attributes. The estimated

attributes are the percentages of variations and the number of photos with instance-level

attributes estimated by the app during the study. A researcher manually annotated the

photos from the participants based on the definitions of the descriptors in the section 9.2.2.2.

To quantify the variation of background and perspective, the researcher grouped the

photos in a training set with the same background and the side of the object. The groups

are used to calculate the Shannon-Wiener Diversity Index [204]. The cropped object,

hand-in-photo, and blurry-photo attributes are simply quantified as the number of photos

with the attributes identified through visual inspection. For the attributes related to the

size of the object (i.e., variation in size, too small object), the researcher annotated the

bounding boxes of the objects. The manually annotated variation of size and too small

object attributes are the standard deviation of the sizes of the bounding boxes which range

from 0.0 (i.e., the object is not captured) to 1.0 (i.e., the size of photo) and the number of

photos with bounding boxes smaller than 12.5% of the photos.

The low correlation between the manually annotated and estimated attributes (Figure 9.6)

shows that the descriptors had some flaws. The correlation coefficients between them

ranged from 0.23 to 0.57. There were no photos estimated as having too small objects

by the app while the manually annotated bounding boxes in three photos in Figure 9.5

were smaller than 12.5% of the photos due to the cropped or obscured objects. While

we employed naive approaches for estimating the descriptors as a proof of concept,

generating accurate descriptors is a complicated problem. Some possible reasons for the
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Figure 9.5: Training photos annotated as having too small objects (target objects are
marked with blue dotted rectangles).

low correlations are the poor object detection in idiosyncratic environments (i.e., textures

of backgrounds, light conditions, cluttered photos) and mismatch between the movement

of a camera and the visual changes in photos. We discuss the technical problem in

estimating attributes in the section ??. While descriptors had some errors, ten participants

agreed or strongly agreed that the descriptors were useful. P10 and P11 thought descriptors

helped them understand how to collect training examples for the object recognizer. P10

said, ”(I agree) because I know the quality of the photos, the different aspects of the photos

that I take.” P11 said, ”It helped me understand what the camera needed in order to

recognize the objects.” Participants also used them to diagnose problems in their training

sets. P10 elaborated ”you have to get feedback or you’re not going to improve [...] it helps

you to understand what you’re doing wrong.” P2 had a similar idea: ”the explanation

afterward, in the analysis, told me that my photographs were not always good, so I have

to learn to take better photographs.” On the other hand, P11 neither agreed nor disagreed

that descriptors are useful. P12 thought they were not useful because of the errors. P12

said, ”I don’t think that the app is correct, especially when I know, for example, that my

hand was not in the photo, or that the object is not cropped because the previous objects

were cropped.”
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Figure 9.6: Scatter plots with the manually annotated values on the x axis and estimated
values on the y axis. The correlation coefficient (r) and p-value (p) are specified in the
plots.

Participants thought that specifying how to resolve issues the descriptors. P7 suggested

integrating the feedback for blind photography (e.g., [141, 146]) and descriptors, elaborating

”Cropped, it did not help me know what to do differently. If it said, maybe move up, move

down and move camera left, move the camera, right. That would have been more useful.”

P6 mentioned that the interface for replacing problematic photos in a training set would

improve the app. He said ”I would assume the training process can self-evaluate itself

and it should sum that up for me and tell me what photos I should replace. [...] you need

to replace those bad pictures unless you don’t need them for the training.”
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9.3.1.3 Training Strategies

When participants finished the training task, we asked a question about what they

thought was important to consider when training the object recognizer. The most frequent

responses were about diversifying the photos. Five participants thought varying the distance

between the camera and the object was important. Another five participants intended to

vary the perspectives in photos. Some reasons for variations were: they wanted to include

photos that would be similar to the photos they would take for recognition with different

perspectives and sides; they hoped the app to learn the visual information from different

sides of the objects. Four participants mentioned that centering the object was important.

The participants’ responses revealed that the descriptors affected their strategies in collecting

photos. For example, P3 said ”It was important to consider the instances of cropped

photo and handed photo. You know, it was always good to hear when it would just

click the shutter and then not hear those two things.” and P7 mentioned, ”you can make

adjustments very easily so there’s a good chance you’re going to get a reasonable percentage

that would help you to identify the object.”

We also analyzed the photos from the participants based on the manually annotated

descriptors to identify patterns and problems in the photos. The majority of participants

varied photos in their training sets with at least one object. Eight and six participants

varied the background and perspective, respectively (i.e., the diversity index is greater

than 0). Eight participants varied the size of objects captured in photos (i.e., the standard

deviation of the sizes of bounding boxes is greater than 0.1). On the other hand, we

found that seven participants took photos with no variation at all with at least one object
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Figure 9.7: Training photos with cluttered
backgrounds.

Figure 9.8: Training photos with little
variation.

Figure 9.9: Training photos with
problems in framing (i.e., adjusting the
distance and centering the object).

Figure 9.10: Test photos with cluttered
backgrounds.

(i.e., the diversity indices of the distance and perspective variation are 0, the standard

deviation of sizes of bounding boxes is lower than 0.1). The example photos with no

variation are shown in Figure 9.8. This is consistent with the findings from a prior user

study on exploring non-experts’ perception of machine teaching [? ]. It showed the

majority of non-experts in machine learning are aware of the importance of diversity in a

dataset though having no variation at all is frequently observed in their photos. We also

observed quality issues in participants’ training samples. Four participants took photos

with cluttered backgrounds as shown in Figure 9.7. The training examples from ten

participants included photos with poor image framing (i.e., Cropped object) as shown

in Figure 9.9
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9.3.2 Testing (Recognizing Objects)

We evaluated the interface design for testing (i.e., recognizing objects) based on the

responses from participants. The responses and photos revealed patterns in how users test

an object recognizer and interpret their test results.

9.3.2.1 Interacting with the Interface for Testing

After testing the app, we asked participants if they could test the object recognizer

effectively and quickly. These questions are about the effectiveness of the interface

and time for understanding the performance of the object recognizer regardless of its

performance. Ten participants agreed or strongly agreed that they could test the object

recognizer effectively and quickly. Most participants thought it was just easy and straightforward.

P10 said ”I felt like I went through it pretty quick. I felt like I understood what to

do.” On the other hand, two participants, P2 and P3, who disagreed pointed out that

the misrecognitions in the tests made it hard for them to evaluate the app. P3 said ”(I

disagree because) I got different results (with one object). I’d want to be certain about

what I was getting.”

9.3.2.2 Strategies for Testing the App

As prior studies showed that it is challenging for non-experts to test a machine

learning model systematically [20, 157, 205], the analysis of participants’ testing samples

revealed some patterns that may be problematic in conducting a thorough evaluation of

an object recognizer. During the testing task, participants took 3.7 photos per object
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Figure 9.11: Participant responses to questions about their testing experience during the
study.

Figure 9.12: The number of tests per object.
Figure 9.13: The proportion of errors and
number of tests.

Figure 9.14: The number of tests per object and proportion of errors.

on average (SD = 3.2). Considering that the test data need samples with different

visual contexts (e.g., sides, sizes of objects, background, light condition) to test the

object recognizer thoroughly, participants would have had fewer photos for testing than

necessary for a thorough evaluation. Looking at the number of test photos per object

(Figure 9.12), we observed that the number of test samples was different across objects.

The number of errors would affect the number of tests as the correlation between the

number of errors and test samples per object (Figure 9.13) is strong (Pearson correlation,

ρ = 0.82, p < .001).

The average accuracy (i.e., the number of correct predictions divided by the number

of total test samples) of the object recognition models was 0.65 (SD = 0.24) when they
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are tested by the participants (Figure 9.15). While machine learning models are typically

evaluated with large benchmark datasets, the test sets from participants include photos

from participants’ idiosyncratic environments. Looking into the test photos, we found

that the test photos had quality problems that would affect the validity of the participants’

evaluations. One of the frequent problems were about image framing. The test photos

from Four participants included less than half of the objects. We also observed that four

participants took photos capturing two or three snacks, making it hard for the app to

distinguish which one they wanted to recognize 9.10. The problems in the test sets would

be critical as the perceived and actual performance of TOR may be different when it is

used after training.

9.3.2.3 Interpreting the Test Results

When we asked participants if they were satisfied with the performance of the

object recognizer, five participants agreed or strongly agreed, six participants disagreed

or strongly disagreed, and a participant was neutral. Looking at their responses and the

performance of the object recognizer together (Figure 9.16, we observed that participants

were not satisfied if the accuracy was lower than 0.6. On the other hand, the accuracy

spread between 0.6 and 1.0 with participants who were satisfied with the performance.

Based on the responses from the participants, we found that performance was not the

only factor that affects the users’ satisfaction. One of the factors was the amount of effort

for training the object recognizer. P11 was neutral though she did not observe any errors

because the training task was tedious. P11 said, ”Because it took so much work to get
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that small amount of performance.” P7 and P10 agreed that they were satisfied with the

performance though the accuracy was only 0.6 and 0.4, respectively. P7 has low vision

and it is enough to supplement his vision. P10 thought she did not train the app properly

with an object that the app made misrecognitions with. P10 said, ”I think it recognized

objects, but if you don’t train it properly, then it’s not going to recognize anything [...] the

Fritos bag was the one that didn’t work out, but that was probably my fault.”

While nine out of the 12 participants observed misrecognitions during the tests,

the participants mostly did not have any idea of why they happened during the tests. Six

participants were neutral or disagreed that they have a good sense of why the misrecognitions

happened. Their responses were simply ”I have no idea.” or ”I don’t know.” Though P7

and P10 strongly agreed and agreed, respectively, they had abstract ideas about the errors.

P10 said ”I think it was my fault. I think it was my training. Other than that, I don’t

know.” P9 strongly agreed because the descriptors provided feedback that the samples

had problems, elaborating ”The reason is because I was teaching it, and I wasn’t 100%

sure that it was 100% accurate. It makes sense that while I was teaching it, I was a little

bit off, so its recognition was a little bit off. It kept telling me that the hand was in the

photos.”

9.3.3 Managing Items in the User’s Dataset

All participants successfully reviewed the information of objects (i.e., listening to

descriptors, audio descriptions, labels) and edited the label of an object. This would

be because the task consists of basic interactions used in other apps such as navigating
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Figure 9.15: The accuracy of the
object recognition models tested by
the participants.

Figure 9.16: Average accuracy versus
satisfaction with the performance. The red
dots are means.

Figure 9.17: The number of tests per object and proportion of errors.

Figure 9.18: Participant responses to questions about their reviewing and editing
experience during the study.

through a table view and entering texts in a text field. They also agreed or strongly agreed

that they could complete the task with this app effectively and quickly. Participants said

”It was easy to do”, ”That was easy”, ”the steps to be taken on the app was easy to

follow.” P12 thought the interface can be improved by integrating the review and edit

interface. He elaborated ”Because it’s pretty easy, although it could be more streamlined.

I would think that you could put the name right on the review screen just as a text field.”

P6 pointed out that the difficulty of using this interface would depend on the experience

with the iPhone as the interface of the app use typical designs and controls in iOS apps.

P6 said, ”I guess if you never used an iPhone before, it might be a little bit of an effort

but the interface is compatible with voice ever.”
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9.3.4 Overall Experience

At the end of the study, all participants agreed or strongly agreed that it was easy to

learn to use the TOR app. Nine participants agreed or strongly agreed that it was simple to

use the TOR app overall while two participants were neutral and one disagreed as shown

in Figure 9.19. The three participants thought the training process is inefficient. They

pointed out that taking 30 photos for training is tedious and inefficient. In particular,

P12 who disagreed could not come up with any case that training would be necessary

assuming that users know about an object when they train the app. P12 said ”The very

fact that I have to teach it makes it inefficient. If I have to teach it when an object is, then

I already have to know what an object is.” Based on the responses from participants, we

found that they have different attitudes toward a teachable interface. For example, P11

thought the effort for training is a lot, considering that the information from the object

recognizer is small. P11 said ”I honestly feel like it takes too long to do that. I feel like if

you have to train it to recognize things, you’re not going to be as efficient. I like the other

way better, where you just have it read the label (using a text recognizer).” On the other

hand, P9 was positive about having a teachable interface for an object recognizer. She

said ”To identify what an object is so handy. And then to be able to teach it you know, to

identify items that may not already be there is particularly powerful because you know,

something’s not there, you have the ability to include it.”

All participants thought that the organization of the interface is clear. All but

one participant agreed or strongly agreed that it was easy and quick to recover from

mistakes using the interface. P11 who disagreed thought it was hard to figure out a way
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Figure 9.19: Participant responses to questions about their overall experience during the
study.

to fix problems in the descriptors. She said ”If you’re getting bad images, you need to

take several sometimes as you’re trying to figure out what angles and everything to use.

Honestly, it’s not quick, not really efficient.” We got a similar response from P10 when

we asked participants if they agree that the TOR app has all functions and capabilities

they expect it to have. P10 elaborated ”What does it mean? when it says it’s cropped?

[...] Like, if you get this feedback, what should you do? They don’t know what to do.”

Four participants disagreed that the app has all important functions and capabilities. They

expected the app to provide: more detailed information of the snacks such as ingredients

in recognition results (P2), better performance of object recognition (P5), an interface to

replace a subset of training examples (P6), and feedback for fixing problems in descriptors

(P10).
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9.4 Discussion

9.4.1 Usability Issues of TOR

Through the evaluation of the app design, we observed that participants could easily

understand and carry out the tasks of training an object recognition model, testing it,

and managing the information of objects in their datasets. While the responses from the

participants were also positive with regard to the user experience with the app, they also

provided issues that provides useful insights in designing a TOR app in the future. One

of the critical problem was that taking many photos for training (i.e., 30 photos in this

study) would be tedious for some blind users. Some possible solutions for this problem

would be using computer vision techniques that require smaller number of photos (e.g.,

one-shot learning [206]) or extracting frames from a short video. To achieve this, a future

study is needed to find a good number of photos that can balance the performance of an

object recognizer and the usability of a teachable interface.

While the descriptors just approximately estimated the attributes of photos in this

study, the majority of the participants thought they are helpful. They also pointed out

some ways to improve the interaction with the descriptors. For example, P8 suggested

having an interface that filters out bad images based on descriptors or enables users to

replace them instead of retaking all images. P10 mentioned a challenge in resolving

problems in descriptors because they inform users of the problems in photos without

providing ways to solve them. For example, when an object is cropped in a photo,

participants did not get feedback on in which direction the camera should move. This
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indicates that combining the descriptors with systems that provide audio/haptic feedback

for blind photography (e.g., [141, 146]) would make the descriptors more effective.

When it comes to the usefulness of a teachable interface, participants had different

attitudes. From the participants’ responses, we could find both participants who valued

the possibility of recognizing personal items with the TOR app and who raised questions

about the need of a teachable interface for object recognition. The participants with

questions thought they would not need an object recognizer if they can train it because

they already know about the object. Though there are some scenarios where identifying

personal items can be useful (e.g., scanning the surroundings to find it, distinguishing

similar objects) and assistive apps in the market (e.g., Seeing AI, LookTel) are deploying

teachable interfaces in object recognizer, blind users may not have a clear motivation to

use a teachable interface without instructions. Therefore, as an emerging technology for

accessibility, a teachable interface would need to be incorporated with descriptions of

real-world scenarios where blind people can use it.

9.4.2 Difference Between the User Study and Real Use Cases

Though we set up a controlled user study to simulate a real scenario of using the app,

the study has a few limitations that makes difference from it. The limitations highlight

the need of a future study with a deployment study that enables participants to use it in

their environments. One of the limitations is the fact that participants were asked to wear

smart glasses and communicate with the experimenter through a laptop computer in front

of them. Though these devices were necessary for communication and data analysis,
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they would limit the participants behavior such as walking around with the phone and

finding a place for taking photos. For example, when participants wanted to vary the

backgrounds in photos, they took pictures with different parts of a table as backgrounds.

However, if they can move around outside the user study setup, they would be able to

choose completely different locations for background variation. Another limitation is that

all participants had to use the app on iPhone 8 instead of their own mobile devices. As all

but one participant have used iPhone, most participants would be familiar with using iOS

apps. However, the size of the device and position of the camera would affect the quality

of photos taken without vision.

9.5 Conclusion

We designed and implemented a mobile TOR app for blind users. We aimed to

resolve the known issues found in prior studies on interaction between TOR and blind

users. The TOR app design was evaluated through a user study with blind participants.

The user study also provided some patterns in training and testing an object recognition

model through an analysis of feedback and photos from the participants. The responses to

questions on usability of the app revealed that participants could easily train the app with

descriptors, evaluate it with their test samples, and manage information of the objects

during the study. However, participants also pointed out some difficulties such as taking

many photos and resolving problems found in the descriptors. Moreover, we observed that

the photos from participants had some issues such as little variation in training photos and

cluttered background in test photos that would make the training and testing ineffective.

174



The findings from the user study provide insights and research problems to improve the

usability of a TOR app for blind users.
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Epilogue to Part II

In Part II of this thesis, the challenge of identifying image recognition errors and

managing errors with TOR were characterized through crowdsourcing and controlled lab

studies with blind and sighted participants. The studies investigated the blind users’

experience in identifying errors in camera-based assistive tools and challenges in identifying

object recognition errors. In the follow-up studies with TOR, we further looked into the

interaction between blind users and teachable interface for object recognizer.

The study in Chapter 7 investigated the challenge in identifying errors from a

pre-built camera-based assistive apps including object recognizer with blind users. It

revealed that blind users identify errors based on the contexts such as the shape, size,

and weight of the object. Like ASR errors, participants rarely had verified their the

outputs from the camera-based assistive apps. On the other hand, while most blind

people thought identifying ASR errors was not challenging, around half of the blind

participants were aware of the difficulty of identifying image recognition errors. The

results of error detection task showed that blind participants missed more than half of the

object recognition errors.

The studies in Chapter 8, 9, and ?? characterized blind and sighted people’s interactions

with TOR. The analysis of their feedback and photos with web-based and mobile TOR
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apps revealed that they tend to have some problems in their teaching strategies such as

having little variation and cluttered photos that may cause errors in TOR. The responses

of both blind and sighted participants in the user studies in Chapter 8 and ?? revealed that

even if they observe the errors during the tests, many of them do not know what to do to

resolve errors. However, some participants in Chapter ?? could figure out what to change

in their strategies based on the descriptors of photos in our TOR app.

Part II answered the following research questions:

• RQ7: For what tasks and objects do blind users take photos? (The interview

with blind participants in Chapter 7 showed that they mostly take photos for text

recognition, video call, and object recognition.)

• RQ8: How did blind users identify the image recognition errors? (The most common

way for blind people to identify image recognition errors reported during the interview

in Chapter 7 was to decide the correctness for themselves based on the context (e.g.,

surrounding texts of the recognized text, comparing the object recognition result

with the shape, size, and texture of the object).

• RQ9: What are the blind users’ accuracy of identifying the object recognition

errors? (During the error identification task in Chapter 7, participants identified

49% of the image recognition errors.)

• RQ10: What are their strategies of identifying the errors? (Blind participants in

Chapter 7 compared the recognition results with the expected objects based on

the weight, texture, and shape in most cases. Some participants compared the
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recognition results between trials. Some participants with low vision used the

perceived colors and shapes to decide the correctness.)

• RQ11: What are non-experts’ teaching and debugging strategies for a teachable

object recognizer? (The study in Chapter 8 revealed both promising trends (e.g.,

incorporating diversity in training examples) and misconceptions (e.g., inconsistency

between classes) in photos collected by non-experts.)

• RQ12: Do teaching strategies evolve through iteration? (The study in Chapter 8

showed that it did not evolve significantly because non-experts did not know what

to change or did not want to change their strategies.)

• RQ13: How could descriptors be useful for avoiding errors due to their training

examples? (Participants in the user study in Chapter 9 could learn what is important

to consider to collect good training examples from the descriptors.)

• RQ14: What are blind users’ teaching and debugging patterns? (The analysis of

their photos in Chapter 9 showed similar trends found in Chapter 8 while they also

had image framing problems.)
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Chapter 11: Conclusions and Future Work

11.1 Summary of Contributions

This dissertation characterized the blind and sighted users’ interactions with errors

in speech and image recognition systems. As a conclusion, this chapter summarizes the

key contributions of the thesis and presents directions for future research. Overall, the

contributions of this thesis are related to speech recognition, object recognition systems,

and machine teaching, and accessibility.

• Speech recognition systems: the basis of evaluating the accuracy of identifying

ASR errors with the baseline accuracy of error identification; possibility of enabling

users to identify the errors more accurately with manipulations of synthesized speech.

• Object recognition systems: understanding the challenges of using camera-based

assistive apps; understanding non-experts’ strategies for training and testing a teachable

object recognizer; enabling blind users to understand and avoid errors by reviewing

their training examples with descriptors.

• Machine teaching: identifying research problems in building teachable object recognizer

for non-experts in machine learning and blind users.
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11.2 Future Directions

My dissertation research explored the challenge of identifying and avoiding errors

in speech and teachable object recognizers with blind and sighted users. With the findings

and observations in my research, I highlight the following future directions to facilitate

identifying, understanding, and correcting errors in AI-infused systems for blind and

sighted people.

11.2.1 Interacting with Speech Recognition Errors

Enabling users to better identify ASR errors with audio-only interactions. As

devices with no or very small visual displays (e.g., smart speakers, wearable devices)

where speech input is useful have been increasingly popular, audio-based interactions

for identifying, understanding, and correcting errors can be more frequently used in

various types of applications such as text editor, office tools, and social media apps.

However, audio-only interaction for text entry is still an under-explored area. My previous

study presented promising and simple manipulations that increased the accuracy of error

identification (i.e., adding pauses between words, using slower speech rates). However,

even with the manipulations, the best average proportion of identified errors was around

0.70, which indicates room for more improvement with elaborate audio-only error identification

support. That is, improvement is necessary to bring audio-only text input more in line with

the accuracy that can be achieved with the visual text entry interface. One possibility is

to explore audio techniques that are comparable to visually underlining words that the

recognition system deems to be potentially incorrect.
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User interface for correcting errors with audio-only interactions. Though my

dissertation research focused on the challenge of identifying ASR errors through synthetic

speech, a system using speech input needs to incorporate user interfaces not only for error

identification but also for error understanding and correction. A possible approach for

enabling users to go through error identification, understanding, and correction in a non-

visual context would be a dialogue-based interface that allows users to indicate errors and

re-speak for the misrecognized words through a conversation with the system. We see

that some of the strategies for pointing to errors found in my previous work would be

leveraged to develop dialogue-based interfaces in future work.

11.2.2 Interacting with Error-Prone Image Recognition

Effective teachable interfaces for real-world scenarios. While many parameters

in teachable object recognizers can be explored in the future such as incremental model

learning, extreme illumination changes, and video versus images in training, a critical

remaining issue is a scalability over a long period of time. Although my thesis and prior

studies have shown success for moderately sized datasets (e.g., fewer than 20 objects,

around 30 photos per object), the number of objects would increase over time to hundreds

or thousands in real use cases. The scalability problem affects both performance and

usability. As a dataset include more objects, a teachable object recognizer inevitably

makes more errors because the object recognition task becomes harder. Moreover, like

machine learning practitioners put much effort in controlling a large dataset from various

perspectives (e.g., fairness, diversity, consistent distribution of data in training and real-
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world data), it will be a tricky task for end-users to manage their datasets with many

classes collected over time. Therefore, future studies are needed to facilitate data management

and model evaluation processes with scalability for end-users.

Descriptors in other teachable assistive applications. My thesis explored the

challenge of understanding and avoiding errors in teachable object recognizers, where

’learning to train’ is deemed as one of the main challenges among blind users. As

a way to resolve this challenge, we presented descriptors that allowed blind users to

understand the important attributes of a training dataset and to evaluate their training

examples quantitatively. While my thesis focused on a teachable object recognizer, this

challenge is common among teachable assistive applications where users are required to

build their own datasets. We see how the underlying methods for extracting meaningful

descriptors can be adopted for other teachable assistive technologies and user groups such

as teachable sound detectors for Deaf/deaf and hard of hearing people.
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