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ABSTRACT
Interactive interfaces in tandem with Machine Learning (ML) mod-
els support user understanding of model uncertainty, build con-
fidence, improve predictive accuracy and enable users to teach
application-specific concepts that are difficult for the model to learn
otherwise. These systems offer empirically proven benefits due to
tightly coupled feedback loops and workflow scaffolding. However,
deployment with ML non-experts who cannot manage the complex,
expertise-heavy process remains challenging. Through deployment
with non-expert users in a common classification task, we investi-
gate the impact of human factors of machine teaching interfaces
such as user expectations, their perceptions of the learning pro-
cess and user engagement with respect to teaching process and
outcomes. We measure how affective and performance attributes
shape the success or failure of the process. Finally, we reflect on
how intelligent user interfaces can be designed to accommodate
these factors for successful deployment with a broad spectrum of
human adjudicators.
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1 INTRODUCTION
Interactive interfaces transformed static command line interfaces
into systems which actively responded to user requests in human-
friendly ways. As new interaction paradigms such as direct ma-
nipulation [75] emerged to serve users with diverse expertise, re-
searchers increasingly realized the importance of understanding
the human factors underpinning these interfaces such as the expec-
tations users brought to the system and their sense of efficacy. A
similar transformation is now occurring in machine learning (ML),
where interactive tools are transforming the ML model-building
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pipeline by providing rich user interactions with a learning model,
supporting understanding of model uncertainty and engaging them
in a tightly coupled feedback loop [27]. For instance, in the past a
healthcare practitioner anonymizing patient records for research
might transact with an ML expert to build a model that accelerates
the laborious annotation process. In a modern interactive machine
learning (iML) system, the practitioner themselves might iteratively
refine the MLmodel, observing its progress and adjusting their feed-
back [54]. As ML systems reach more diverse users, it is important
to understand the human factors that guide this teaching process
to develop more effective interactive tools [90, 95].

In a typical Machine Teaching (MT) system, the user : 1) defines
the teaching curriculum and learning objectives (e.g. data instances,
features and concepts to teach), 2) engages in the act of teaching,
3) evaluates the learned information, 4) refines the teaching cur-
riculum or revisits the teaching process, 5) arrives at a satisfactory
outcome and 6) repeats the process when new curriculum is estab-
lished [34, 40, 51, 76]. In above process, the user (or the teacher)
engages in many cognitively demanding judgements to teach the
underlying ML model (or the learner). While significant research
has been conducted in improving the statistical processes involved
in MT and improving the learner performance [34, 90, 95], there
are still unanswered questions about how best to account for the
underlying human factors involved in the teaching process. This
is primarily because user interface design for MT poses different
challenges than traditional user interfaces, in the sense that the un-
derlying information structure with which teachers interact evolves
iteratively as the session progresses [30, 63, 88]. This iterative re-
finement acts as a forcing function for the teacher to constantly
update their mental models of the past, present, and future state
of their system. Intelligent user interfaces need to factor in these
changes in order to prevent the teaching process from becoming in-
efficient and cumbersome. If they do not, they risk adverse outcomes
like undesirable user experiences, fatigue and even reluctance to
system use [42]. In this paper, we provide a nuanced view of the
MT process from a human-centered perspective and investigate
how teacher expectations, as grounded in their perceptions of the
learner’s performance, influence their teaching behavior.

User expectations play a critical role in how an interactive system
is perceived and successfully used [66], and they are grounded in a
wide range of socio-technical, cultural, and experiential contexts of
the user [3, 38, 67]. In our work we explore teacher expectations
from the lens of task goals and system performance. This perspective
has been widely and successfully adopted in the user-centered
design of information systems research [11, 41]. With respect to
task goals, expectations can be defined as teachers’ “representation
of the consequences of an action or sequence of actions in terms of
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the appearance of one or more objects on the display,” [45] which
manifests as teachers’ expected changes in model learning as a
consequence of teaching (i.e. whether they expect significant or
very little learning from a specific iteration). With respect to system
performance which changes when the learner learns new concepts
(or unlearns old ones) [35, 68], the teachers adapt their mental
models of how their input is impacting the learner’s output [22,
53]. These perceptions of the learning process are defined by “how
teachers perceive the effective and iterative improvements in the
model performance in context to a desired goal” and serve as a proxy
on which to base future expectations. Machine teachers develop
an understanding and expectation of learner performance based
on early observations and interactions with the system. If a model
shows early promise, teachers may perceive it as highly “teachable".
This may motivate them to provide more challenging concepts
with higher expectations of learning gain. If a model fails to learn,
teachers may become pessimistic and offer up less valuable samples,
hindering chances for improvement.

We perform a deep dive into this complex relationship between
an interactive MT system and its users, including: teachers’ per-
ceptions of the learner’s progress, how teaching modalities shape
their perceptions over iterations, teacher expectations of future
performance, satisfaction, and willingness to deploy the learner in
the future. The role of these human factors in MT systems can be
investigated only by engaging human teachers in the MT process
and capturing their interactions. To serve this goal, we designed
a fully functional MT system that helps to interactively build a
text classification model using online learning [91]. We designed
a methodology to capture the teacher expectations and percep-
tions of the learner’s performance, to study the following research
questions:
RQ1 As the MT session unfolds, how will teachers’ perceptions of

learner performance and the teaching modalities offered by
the system affect their expectations and system engagement?

RQ2 How do teachers’ prior experiences with AI systems impact
their expectations of model performance in a MT session,
regardless of learner performance?

RQ3 How do teachers’ expectations and their perceptions of learn-
ing performance impact their overall satisfaction with the
MT session?

Through an empirical study, we observe that the teachers ex-
pected the learner to perform better when they determined the
teaching curriculum themselves as opposed to providing feedback
on instances selected by the learner. These initial expectations were
adjusted as the teaching session progressed and teachers updated
their mental models of learner performance. We also observed
that teachers’ expectations have a strong influence on their en-
gagement with the system and their overall satisfaction with the
teaching process. In the following sections, we describe our system
design, experimental methodology and detailed analysis of results
to answer the above research questions. We further synthesize our
observations as design implications for future teaching interfaces.

2 RELATEDWORK
Machine Teaching was originally introduced in 1996 by Goldman
and Mathias [34] as an idea of building computational teachers that

are tailored towards a specific machine learner. These computa-
tional teachers are ML algorithms that teach another ML algorithm,
by learning how the later responds to a teaching instance. They
proposed a theoretical framework for building MT systems that
eliminates any collusion between the learner and the teacher and
modeled how careful selection of teaching samples leads to efficient
learning. Following this work, there have been several attempts to
enhance various aspects of the MT paradigm [94, 95]. These include
recent efforts focusing on how to design teaching algorithms for
learners that are linear, black boxed, and iterative [29, 51, 52], as
well as building interfaces that enable ML users to provide rich
nuanced feedback and integrate their domain expertise [27, 57, 89].
These mechanisms have proven useful for solving challenging real-
world problems through ML [14]. However, these interfaces are
primarily designed to improve learner efficiency with little focus
on improving teacher efficiency, despite empirical evidence that
involving nuanced human input in the algorithm can lead to sub-
stantial improvements on algorithm performance [5, 79, 86], even
on computationally NP hard problems [39]. In this paper we bridge
this gap and explore factors which might influence teacher effi-
ciency and enable them to provide continued valuable information
to the ML system.

One must consider that the teaching process is not only defined
by time/instances, feedback accuracy and learner performance as
in traditional ML pipelines, but also by human factors such as
engagement, agency, sensemaking, cognitive load, perceptions of
learner behavior, and users’ expectations [10, 25, 80]. For instance,
researchers observed that high levels of user engagement can moti-
vate users to continue to teach a learning model [28, 68] and seek to
provide more meaningful feedback [5]. Empirical observations that
human-in-the-loop systems perform better than fully automated
systems [39] has motivated researches to identify various factors in-
volved in the Human-AI relationship and delineate their impact by
designing experimental studies in context to system usage [24]. For
instance, the HAII-TIME model [80] attempts to capture the human
experience of algorithms and identify various human factors that
influence how AI non-experts user AI systems. Similarly, the Infor-
mation Systems (IS) Continuance model [11] (a model that extends
Expectation-Confirmation Theory (ECT) [66]) provides theoretical
foundations to study how expectations and their confirmation may
lead to continued usage of digital products like knowledge sharing
systems [15], e-commerce websites[82], smart-wearables [36] and
video streaming services [26]. While these models provide some
insights into how human factors like expectations and feedback
agency impact use of AI systems, they do not characterize their
specific impacts on the teaching process. We build upon this body
of work by experimentally investigating human expectations in
context to MT environments, where users iteratively refine a model
by engaging with its parameters.

User expectations with an interactive interface can be grounded
in a variety of factors such as knowledge of the task [45], overall
experience with other "similar" agents [53], emotional state, prod-
uct attributes like aesthetics, or via formative evaluations like value
for money [92]. The subjectivity and polysemic definition of user
expectations makes them challenging to quantify. However, by con-
textualizing them within user goals in the interface, researchers
have studied their impact on user behavior [19, 60, 72]. For instance,
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by grounding user expectations in the functional attributes of ma-
chine explanations, researchers explored the usability of factual and
counterfactual explanations in a text classification task [72]. For MT
interfaces, the user goals are to guide the model towards a target
performance level - as indicated by quantitative metrics of accuracy,
precision and recall [84] or more nuanced metrics like predictive
fairness, trust, security [85]. We study teacher expectations from
the lens of perceived learner performance, measuring how well do
the users expect the model performance to change by learning from
the samples they are teaching.

An important challenge in investigating how these expectations
unfold in the teaching process is to provide faithful representations
of an ML model’s learning process and its outcome [78]. While com-
plex ML algorithms like Stochastic Bandits [1], Transformers [87],
and Deep Neural Networks [74], might be more efficient at learning
data patterns, interpreting their learning process requires signifi-
cant expertise and is a topic of ongoing research [55, 58, 73]. The
black-boxed nature of these performant models makes it difficult
to influence their learning in interpretable ways and hence, are not
well suited for this work. More importantly, these models require
high training data and computation time to provide any meaningful
results. Therefore, we adopt Logistic Regression [47] model for our
study which is simple, performant and interpretable. It is a popular
choice for many critical applications like credit scoring [8], loan
approvals [81] and disease prediction [65] and has also been widely
adopted to investigate human factors in MT interfaces like studying
annotator experience [31], usability of explanations [32] and feature
selection pitfalls [88]. In this study we employ crowd sourcing [46]
which has been widely adopted for ML research in data annotation
and evaluating ML performance [54], building advanced models [2]
and studying explanability [56]. In the realm of MT, crowdsourcing
has been used to evaluate the performance of human-in-the-loop
systems [43], improve feature selection for building less biased
models [83] and even understand the perceptions of learning for
teaching tasks [40]. Our work furthers this line of investigation
by providing insights on human behavioral and cognitive features
during MT sessions.

3 METHODOLOGY
In this work we seek to investigate how user (teacher) expectations
and perceptions of learner performance impact satisfaction, confi-
dence and continued use of an MT system. More specifically, we
study how user expectations grounded primarily in system per-
formance change over the course of teaching sessions [11]. While
learner performance can be directly measured using performance
metrics like accuracy, precision, recall and predictions, user expec-
tations are much more subjective and highly difficult to quantify.
Such expectations may even fall below the conscious level of con-
sideration for users. For an MT system, successful outcomes are
characterized by both the efficacy of the teacher in providing the
intended feedback as well as the efficacy of the learner in deliv-
ering the desired improvements. The pace and time with which
outcomes are achieved also shapes how success is evaluated. Due to
the highly mutable nature of MT relationships as they unfold over
multiple iterations, synthetic experimental evaluation of factors

such as expectations risk low environmental validity and consis-
tency. Instead, we opt to design an interactive system that supports
different levels of teacher and learner efficacy so as to study human
factors in situ. As generally the performance of a ML learner will
be asymptotic (i.e. approach a point of diminishing returns) [70],
the goal of our system design is to help users assess whether they
are approaching the asymptote where the learner’s gains outweigh
their own limited time and effort (a form of satisficing [77] ).

3.1 Task
Machine Teaching environments are generally customized to a
specific task [24]. To begin assembling our experimental study,
we selected a complex-yet-achievable task of building a model
that can identify clickbait headlines. Clickbaits are content (text
or images) designed to attract user attention by sensationalizing
an information piece. Automatically identifying clickbaits is no-
toriously difficult and prior research has investigated techniques
ranging from feature engineering [69] to deep neural networks
[4] and is still an open challenge in ML research [4, 12, 61]. There
are three reasons why news headline clickbait detection is an es-
pecially ideal candidate to for the MT framework: Firstly, stylistic
attributes of clickbaits vary significantly across different publishers
and are constantly evolving, thus requiring constant maintenance
well suited to MT. Secondly, clickbaits often try to masquerade
as regular news headlines and can share significant feature simi-
larities with non-clickbait headlines. Therefore, web user domain
expertise is critical to identify them [20] which fits well within
the MT warrant. Lastly, users of different digital media platforms
have varied levels of tolerance for clickbait headlines. For instance,
news headlines like "21 items people are talking about this summer"
may be ruled as clickbait for users of a financial webpage, but may
not be a clickbait for an entertainment news web page. The MT
framework provides a mechanism to easily adopt and customize a
model for a specific news environment. We used a Clickbait dataset
containing 32,000 headlines with balanced classes [7], where each
news headline is pre-processed into a vector that is understandable
by the learner using tf-idf features. This is a popular approach in
clickbait detection and generally provides results acceptable for
this task[23].

3.2 System Design
We designed and implemented an interactive MT system linking
an online active learning environment (a logistic regression model
with a stochastic gradient decent optimization function [13]) with
the graphical user interface shown in Figure 1. We refined our
design through multiple rounds of pilot testing with non-expert
users (not integrated into our final analysis). Our dashboard (Fig-
ure 1) visualizes all of the available clickbait samples as a sorted,
colored grid based on the model’s confidence levels (Figure 1.C).
At the left of the grid are blue samples which the model currently
believes are not clickbait (predicted confidence (PC) <=0.4) Grey,
low-confidence samples occupy the middle ground (PC >0.4 and
<0.6). High confidence clickbait are highlighted in pink at the right
(PC > =0.6) This grid-based representation provides quick snapshot
of the model’s current state and visually estimate the epistemic
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Figure 1: Interactive Machine Teaching Interface. A) The learner selects a news headline from the pool; B) teacher responds by
selecting confidence on the headline; C) the entire pool of headlines is visualizes learner confidence on predicted class (clickbait
or not clickbait); D) the teacher can explore confidence scores for each headline, click, and select them to teach; E) the progress
bar shows headlines that are added to the lesson plan so far; F) the current accuracy of the model is presented by evaluating on
a held out test set.

uncertainty of the learning algorithm [93]. For every teaching it-
eration, a headline is selected and presented to the user. They can
provide an affirmative (clickbait) or disapproving (not a clickbait)
response, they may override the selected headline with their own
selection, or they may entirely curate their own headlines to teach
without any assistance from the learner. After every 4 instances,
the model re-trains on the feedback provided so far, the grid is
re-evaluated and an animation plays to update the each box with
new confidence values of retrained model. The animation draws
attention to the updated data. Users can mouse-over each headline
instance represented by the box to see a simplified "confidence
meter" and get more details (Figure 1.D). The data instance selected
by the learner (or the teacher, depending on the experimental condi-
tion that are described in detail in the next section) becomes part of
the lesson plan, and are represented in the progress bar (Figure 1.E).
This bar was scaled to a number of samples which is just beyond
the amount necessary to reach the asymptotic best performance of
the model. We determined the necessary number by evaluating our
model’s performance during pilot testing. Users may strategically
reach a reasonable performance level without exhausting the max-
imum limit of instances allowed to teach. The model is retrained
after every 4 instances, and its performance is calculated on a held

out test set that is not available to the users. Model performance in
terms of accuracy is updated on a lollipop chart which displays the
gradual progression of the model over the teaching session.

Our system offered 3 learning strategies that impact system per-
formance. As the learning strategy result in different performance
outcomes, this allows us to manipulate perceptions of the learning
process as an independent measure.

(1) A Random Learner : This learning approach is based on ran-
dom sampling where a data sample is randomly chosen and
presented to the teacher. The learner in this setting acts
unpredictably and improves very slowly.

(2) AGradual learner : In thismode, the learner converges steadily
in incremental steps towards a target accuracy. We imple-
ment an entropy-based uncertainity sampling technique [49]
where the learner selects the instance it is most uncertain
about for feedback. Since entropy-based methods are prone
to selecting redundant information, the resultant perfor-
mance curve takes longer to converge, giving an impression
of a slow machine learner.

(3) A Brisk Learner: In this mode, the learner’s performance
curve reaches an asymptotic value in short duration and
plateaus. We implement a diversity sampling technique [62]
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Table 1: Experimental Conditions

Experimental Condition Learning Strategy Teaching Strategy
Gradual Gradual Active
Brisk Brisk Active

Random Random Active
Hybrid Gradual Hybrid

Traditional - Traditional

where the learner selects data instances that represent a
wider range of features for feedback. It does not distinguish
well between data points close to decision boundaries. As a
result the teacher might perceive it to be strategic (or scat-
terbrained).

Most iML systems incorporate limited user engagement to accel-
erate the learning process [44]. However, research in iML interface
design shows that users quickly give up on using an interactive
system when they are required to provide only "yes" and "no" re-
sponses [18]. It was important for our users to be engaged in order
to continue using the system and offer insights on their expec-
tations during the course of the MT session. Therefore, we also
implemented 3 teaching modes in our system with varied levels of
engagement in curating the teaching set.

(1) Active Teacher : In this mode, the teacher only reviews data
instances selected by the learner, providing an appropriate
label or vetoing them if necessary while also providing a con-
fidence level of their review (i.e. Figure 1. A is unchangeable
other than to skip an instance). In this mode, the teacher has
low efficacy as the teacher engagement is limited in terms of
the feedback they can offer.

(2) Traditional Teacher: This mode provides full control to the
teacher to select any headline they want to teach, with no
support from the learner (i.e. Fig 1.A is not initially popu-
lated). While this teaching style may provide high efficacy
in terms of feedback control , it is likely to yield low sys-
tem performance due to high effort, fatigue and limited ML
expertise.

(3) Hybrid Teacher : In this teaching style, the teacher hasmoder-
ate efficacy where they can review the instances selected by
the learner and/or select their own by examining the pool
(i.e. Fig 1.A is shown, but can be overridden). This mixed-
initiative system design provides the teacher slightly more
engagement and reduced effort than Active Teaching and
may reach a "best of both worlds" for teaching set curation.

3.3 Experimental Conditions
Our system can exhibit three learning strategies and three teaching
strategies, each involving varied learner performance levels and
teacher effort. While a 3x3 study design might be expected in this
case, some of the experimental conditions do not comport with each
other, resulting in invalid combinations. For instance, a Traditional
teaching strategy is entirely driven by the teacher, rendering the
presence of learning strategies redundant. Furthermore, in our pilot
experiments with 6 in-person participants and 30 crowdsourced
workers, we identified experimental conditions that did not yield

meaningful results. For instance, a random learner with a hybrid
teaching style was so unpredictable for users that they fixated on the
chosen samples to the degree that they defaulted to either always
intervening or never intervening in suggested samples. Following
these pilots, we developed a set of 4 conditions which capture a
broad spectrum of potential MT environments with varied levels
of system performance as shown in 1. We use a between-subjects
methodology for our study, where each participant is exposed to a
single pair of learning and teaching strategies, to avoid expertise
development and fatigue impacting our observations.

3.4 Study Procedure and Data Gathering
Participants for our study were recruited remotely via the Amazon
Mechanical Turk platform. Prior to conducting the study, we com-
pared pilot data from in-person sessions and pilot MTurk recruit-
ments, finding that they had largely the same quality if we observed
common best practices for data cleaning and crowdsourced recruit-
ment. This included recruiting high reputation "Master" workers,
eliminating participants who did not train a model through several
samples, and making the task largely as challenging to exploit as
it would be to complete normally [46]. Participants were compen-
sated $2.5 for completing an expected 10 minute duration session
(approximating a $15.0 hourly wage; with a bonus incentive if they
invested up to 20 minutes).

Each participant was first provided with a set of detailed instruc-
tions on what to expect in the session, after which, they completed
a survey assessing their prior knowledge about AI and ML and
their news reading habits. Participants then watched a short video
tutorial (accessible throughout the session and customized to the
experimental condition) that provided step-by-step instructions on
how to use the system, at their own pace. There were also written
instructions presented, after which participants started the task
of teaching a machine learner how to identify clickbaits in news
headlines. We situated the participants in a real world scenario
where they fine-tune a pre-trained model [96] (held-out test set
accuracy 60.9%) towards a marginally increased target of 70% accu-
racy (a common method in natural language processing). This end
goal was designed to avoid inducing fatigue. Participants received
a 100% bonus reward if they managed to achieve higher than the
target. Participants could opt to end the teaching after reaching 70%
accuracy or continue on without prompting. On end participants
completed a post-task questionnaire which captured their overall
experience with the process and their satisfaction with the machine
learner.

We gathered data from participant responses on the pre-task sur-
vey that requested information about their age, education, domain
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Figure 2: Distribution of average teacher expectations across teaching iterations (batch of 4 samples) for each experimental
conditions. The Traditional and Hybrid experimental conditions both had significantly higher expectations than the Gradual
and Brisk conditions (𝑝 < 0.01), but Traditional had only marginally higher expectations than Random and Hybrid (𝑝 < 0.10)
and no effect could be detected from Hybrid to Gradual and Brisk

knowledge about news reading, and AI knowledge. During the task,
we captured their feedback on each news headline across all con-
ditions ( Fig 1.B). We further requested participants to provide an
estimate for two additional parameters during the task. They first
estimated the informativeness of the headline by labelling what
kind of information it might provide to the learner and assessing
how informative they expected the headline to be for the learner
based on their experiences so far. They rated expected learning
by estimating how the model’s future performance would change
after learning from the sample. We also integrated an experience
sampling modal dialogue [48] which intermittently captured how
participants felt about the learner performance (after every 5 iter-
ations) as the teaching session progressed. This modal asked the
users to rate from 1- to 5-stars how well it has learned so far, and
how well do they expect it to perform going forward. Finally, once
the teaching session was complete, we administered a post-task
survey to capture how challenging participants found the task, the
cognitive load they experienced [37], and whether they were likely
to use and recommend their model for an actual task.

4 RESULTS
92 individuals participated in our study via Amazon Mechanical
Turk (not including the 36 participants in the pilot studies and
not reported here) under supervision of an Institutional Review
Board. Of those 92 participants, 75 of them successfully performed
at least one iteration (4 headlines) to train the model. The remaining
17 participants were excluded from our analysis. 75 participants
created 75 different clickbait identification models using a pool
of about 1,500 news headlines (average of 15 participants in each
condition) The participants followed awide age distribution, with 36
participants reporting as below 35 and remaining above 36 years of
age. 21 participants identified as female, 50 as male, 0 as non-binary,
and remaining did not disclose their gender identity. A majority of
our participants reported having college degrees (N=43), some had
advanced Master’s degrees (N=17), a small proportion were High
School graduates (N=13), and two participants reported having
earned a PhD. Each participant spent an average of 20 minutes on

the task (min=6, max=54), and they curated a dataset of an average
of 25 news headline samples (min=6, max=211, std=33.45) during
each session. With regards to the final models produced by the
participants, there was variability in their performance depending
on the type and number of data instances they taught. While some
participants, generally those who only trained a few samples, did
not do much better than random chance, 12 participants broke the
80% accuracy threshold. On average participants taught models
with mean accuracy of 69.8% (std=8.48).

4.1 RQ1 - Expectations and Learner
Performance

For each data instance participants selected to teach, they estimated
on a 5-point Likert scale how likely they thought the learner perfor-
mance was to change as a result of learning this new instance. This
estimation is a reasonable proxy of their expected future behavior
of the learner: if they expected it to learn a lot from the sample,
then they are likely to expect the performance to change drastically.
We compared the individual judgments of each participant using
an ANOVA, observing a significant difference between how each
participant rated their expectations based on their teaching strat-
egy condition assignment (𝐹 (4, 1576) = 14.39, 𝑝 < 0.001). Further
pairwise analysis with a Tukey HSD test showed that there was
significant difference in participants’ mean expectations between
treatments pairs with opposing teaching strategies. The Brisk ex-
perimental condition had significantly worse expectations than all
other conditions (all 𝑝 < 0.01), perhaps because its learning strat-
egy demonstrated rapid initial improvements which led to greater
confidence in future results which did not ultimately bear fruit as
it approached the asymptote.

When we grouped each expectation judgment by teaching style
(bundling all conditions with Active teaching strategy), an ANOVA
indicated a significant difference between Hybrid and Traditional
teaching (𝐹 (2, 1578) = 16.59, 𝑝 < 0.001). A Tukey HSD test was
consistent with the previous findings, showing that Traditional
had significantly higher than Hybrid which was also significantly
higher than the Active teaching strategy (all pairs 𝑝 < 0.05). This
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Table 2: Effect of Teaching Time on Expectations

Coefficient t value P value
(Intercept) 1.4150 23.11 <0.001

Current Iteration* 0.0037 5.53 <0.001
Last Iteration (lagged)* 0.3815 16.05 <0.001

Hybrid Condition (vs. Active) -0.0763 -1.33 0.183
Traditional Condition (vs. Active)* 0.1877 3.37 <0.001

suggests that the teacher might have higher expectation if they have
higher user engagement in determining teaching curriculum, as
the Traditional condition, which required the participant to choose
all samples, also resulted in the greatest expectations.

A similar phenomenon was observed in Hybrid where average
expectations reported by the teacher on self-selected samples was
also significantly higher than samples that were not selected by
them (𝑡 (608) = 2.356, 𝑝 = 0.019). As our work was conducted
primarily with non-expert users, it remains to be seen whether
experts might underestimate performance when provided agency
as prior literature indicates [17].

However, these results operate on an instance level which may
neglect time-dependent effects as a session unfolds and partici-
pants construct a mental model. In order to examine how past
expectations influenced future expectations during a session, we
constructed a lagged linear regression model that predicted partic-
ipants’ expectation ratings using 1) the rating’s current iteration
count (i.e. the order in which the rating was given, 1 for the first
sample provided, 2 for the second provided, and so on), 2) a lagged
expectation rating from 1 iteration before (to account for autore-
gressive effects over time), and 3) the simple teaching condition
(Active, Hybrid, or Traditional). The resulting model identified an
time-dependent effect on expectations (Table 2), and we observed
that the past expectations played a role in present expectations. As
before, the Traditional modality had higher expectations, though
the signal was too weak to detect the intermediate expectations
of Hybrid. Perhaps as non-experts became more familiar with the
teaching environment and the learner, they grow more optimistic
which is an encouraging sign for user engagement with MT sys-
tems.

We conducted an additional regression analysis to explore the
relationship between participant expectations and the learner accu-
racy they observed. First, we extracted all of the instances where
participants trained a batch of 4 instances and observed an accuracy
change. We then eliminated the first observed accuracy number, as
it had no basis for comparison. For the rest of the accuracy obser-
vations, we averaged their past 4 and future 4 expectation ratings
(since training batch size is 4). We also computed the difference in
accuracy from the present to the past, reflecting whether the model
improved or reduced its performance. This permits us to explore
the potential change of expectations as a result of accuracy shifts in
the model. Our regression results for a model that predicts future
expectation ratings based on accuracy shifts and past expectations
is shown in Table 3.

The results of this regression suggest a relationship between past
and future expectations, aligning with our RQ1 findings without

any observable significance of changes in accuracy or interaction
effect between change in accuracy and past expectations. Therefore,
we cannot definitively conclude that whether participants adjusted
expectations in response to model performance in general (the inde-
pendent effect) or it matching or mis-matching their expectations
(the interaction effect). Using this same dataset, we also examined
whether prior expectations were predictive of accuracy changes
following those expectations with no detectable signal for such re-
lationship. In this case, we speculate that there may be other factors
playing into expectation which may be masking any observable
relationship.

As the participant progressed through the teaching session, we
also gathered experiential data as participants rated how well they
thought that the learner learned in the past and how well was it
learning recently on a 5-point Likert scale. An ANOVA detected
significant differences among the conditions (𝐹 (4, 298) = 23.02,
𝑝 < 0.001). On an average, they rated the learner very poorly in
the Traditional condition (M=2.8,STD=1.16). This could perhaps
be because users in this condition saw unpredictable accuracy im-
provements due to relatively naive teaching strategies.

4.2 RQ2 - Prior Experience
In the pre-task survey we asked participants to report their overall
experience with AI tools and software programming in general
on a 7-point Likert scale. On an average a majority of the partici-
pants reported some level of knowledge of AI but had never used it
(mean=2.9, std=1.32). 52% of the participants (N=48) did not have
any formal knowledge of AI but had heard about it from news
media or other sources. About a third (N=32) of the users had were
familiar with the basic concepts of AI due to their own reading
or research. 8 participants identified as advanced users of AI, and
3 reported being AI experts. We observed that the overall mean
expectations reported by participants did not have any detectable
relationship to prior AI experience (𝑡 (75) = 1.1165, 𝑝 = 0.268).
While prior knowledge and experience with ML tools did not have
any observable impact on participant’s initial expectations, partici-
pants with little or no prior knowledge of AI reported significantly
lower expectations compared to those with some prior knowledge
(𝑡 (1760) = 2.9559, 𝑝 = 0.003). We also observed that expectations
reported by the participants with minimal prior AI knowledge had
lower deviation (mean=2.4, std=0.86) and variance (var=0.74) as
compared to the other groups, perhaps due to floor effects. This
suggests that expectations might be harder to manipulate within
MT systems for complete novices.
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Table 3: Effect of Accuracy Change on Expectations

Coefficient t value P value
(Intercept) 0.1163 9.11 0.0000

Average Past Expectations* 0.0451 12.72 <0.001
Change in Accuracy 0.0233 1.08 0.282

Interaction Effect 0.0082 -1.05 0.294

4.3 RQ3 - Overall Satisfaction
In the post-survey we asked the participants to reflect on the teach-
ing process and assess whether they would use this model for
identifying clickbaits from their own news feeds and recommend it
to others. We use teachers’ self-reported measures of the willing-
ness to use and recommend the model they trained as a reasonable
proxy measure of how satisfactory they deemed the final outcome
to be. Our goal was to capture a snapshot in the short term follow-
ing the completion of a MT session, though we acknowledge that
this may not fully capture satisfaction. We instead use the basis
that a teacher whose expectations are met is more likely to use
and recommend the system [11]. In this task context, we define the
teacher’s expectations to be met in two ways. Firstly, we consider
the experience sampling data provided by the teacher through a
quick 5-star rating on the question How well is the AI understand-
ing and learning from your feedback now?. Using the self-reported
variable, teacher’s expectations are likely to be met if the average
per-instance expectation in the previous training batch is lower
than the 5-star rating. Secondly, we consider if there were any
changes in accuracy after a lesson plan is taught. If the accuracy
increased, the teacher’s expectations are likely met. Since the goal
assigned to the teacher is to improve the learner’s accuracy, this is
a reasonable assumption.

Using the experience sampling response as the independent vari-
able, we observed that participants whose expectations were met
had a significantly higher probability of recommending (𝑝 = 0.002)
and using (𝑝 < 0.001) the learner they built. The null hypothesis
for this analysis is that there is no relationship between expecta-
tions being met and the high likelihood of using/recommending
the clickbait model they built. While the significance provides some
supporting evidence, we also observed that the converse was not
true; if the expectations were not met, there was a not a signifi-
cant likelihood that the teacher will not recommend and use the
model. We next considered whether the increase in accuracy had
any significant impact, and surprisingly we observed no meaning-
ful relationship between relative change in accuracy the teacher’s
overall satisfaction.

5 DISCUSSION
In this study we explored how teacher expectations impact the
teaching process in an MT environment and are grounded in their
perceptions of learner’s capabilities and the teaching modalities
afforded to them. In this section we will discuss the implications
of our work and how it connects to the unique design challenges
posed by interactive MT systems.

5.1 Managing impacts of user engagement in
intelligent MT interfaces

Our system design facilitated engagement at various levels to en-
courage users to provide continued feedback to the learner. We
observed that their expectations were strongly related to the level
of engagement afforded by the interactive teaching modality. They
expected the model to learn more when they selected the instances
by themselves as opposed to when the interface assisted them in
deciding the best candidates for learning. This reflects both perhaps
a sense of optimism in participants’ own abilities as well as a poten-
tial attitudinal shift as a result of improved agency in determining
the teaching curriculum. An implication of this observation is in
teaching environments where the data are nuanced and the learner
has a gradual learning curve (e.g., identifying news articles with
specific sentiments regarding a topic). The large feature space of
how a sentiment can be defined results in a multitude of different
potential teaching strategies. It is incredibly useful to have MT
interfaces in these applications because they readily allow users
to leverage their domain expertise to tune models. However, if the
interface does not provide a matching level of agency and engage-
ment in its teaching modality, then it may reduce the benefit of MT
interfaces.

We observed a significant increase in participant expectations
when they had no assistance from the learner (Traditional condi-
tion). This builds upon findings from prior research that people do
not prefer to repeatedly respond to "yes" and "no" tasks , as has been
a common practice in ML annotation tasks [59]. However, until
this study, there was no empirical evidence that the "yes" and "no"
tasks (as we implemented through Active condition) also negatively
impact teacher’s expectations of system performance. An impor-
tant implication of this observations is that while promoting user
engagement is beneficial, it also means increased user expectations.
This may be harmful in some interactions like feature selection
[88], resulting in teaching goals that are either too direct or too
complex. Intelligent MT interfaces should carefully scrutinize of the
impact of system’s expressibility on teacher expectations. Consider
for instance, few shot learners like GPT-2 [16] and ChatGPT, which
can learn complex tasks through natural language instructions. In
this setting, the teacher’s pool of possible data instances to teach
from is potentially infinite and significantly impact teachers’ initial
expectations and their continued usage of the systems. This is an-
other reason why we did not select extremely performant learners
for our study.

Despite several projects that suggest high user engagement is
the key to success of a user interface [64], we argue that intelligent
machine teaching interfaces should be cautious in providing levers
of control and maximum controllability in learning strategies, es-
pecially when the data are rich and nuanced. As more non-expert
participants use MT systems, there is a greater risk that miscon-
ceptions could shape the success of the process more than neutral
assessments of performance. Likewise, the impact may be even
greater as MT extends to applications which can learn with more
intuitive interactions like natural language (e.g. ChatGPT). For
highly efficient learning algorithms, this might lead to overestimat-
ing learners’ abilities and placing too much trust in them [9]. A
useful approach for intelligent MT interface might be to capture
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Figure 3: Accuracy achieved by the learner under different experimental conditions during 50 teaching iterations (mean + 1
std). The dotted line shows the learner accuracy achieved under simulated environment where labeled instances are drawn
from our datasets [7] without any active human teacher.

the teacher’s intent behind the concept they want to teach, but not
necessarily demand micro-level control of all teaching decisions.
MT interfaces can then use these models of intent to direct user’s
attention towards data instances or features that are representative
of the user’s decision boundary and also have high information
entropy from which the model can learn.

5.2 Adapting to evolving teacher expectations
The goal of machine teaching is to effectively integrate a teacher’s
understanding of the task to the machine learner. We observed
that prior knowledge had no significant impact on the teacher’s ex-
pectations in an MT interface. However, as the session progressed,
their initial expectations evolved. The teacher expectations serve
as a baseline on which they evaluate the learner’s performance
[11]. For an MT system, this means that incremental improvements
in learner’s performance may not be perceived uniformly over a
teaching session. For instance, a teacher whose expectations con-
tinuously increase over a teaching session may perceive even a
high performing learner to be average. As a result, the teacher may
try to introduce more difficult concepts that might be beyond the
learner’s capabilities, thus abandoning the system if it fails to learn,
or re-calibrating their own expectations. This behavior is particu-
larly problematic for learners that claim to be highly generalizable
and can learn from only few instances (e.g., large language models
like GPT-2 [16]), since they might quickly plateau in terms of their
perceived performance improvements. For MT systems, thus it is
critical to establish accurate teacher expectations early on in the
process.

These findings present an opportunity for ongoing research in
ML model explainability [33] and auditing [71] to guide the teacher
towards what to expect. While significant research in explainability
focuses on improving the transparency of the algorithmic decision-
making process, research remains to be done in identifying what
specific explanation features may lead to reasonable user expec-
tations of model outcomes. This is especially critical in MT sys-
tems whose progress is guided by the feedback. For instance, while
requesting for user feedback, the system might also present an
explanation that predicts the potential costs and benefits of the
user response thus grounding the teacher feedback in realistic ex-
pectations of the learner’s abilities. We also call for research into

higher fidelity techniques for visualizing ML model behavior [21]
that are grounded in people’s conceptual understanding of the task
[56], perhaps offering a fairer assessment of learner performance
at every step of the teaching process.

5.3 Facilitating accurate user perceptions of
learner performance

Our study incorporated a singleton metric of performance assess-
ment: accuracy on a held out test set. We did not provide the test
set to the participants in order to reduce gaming of the metric. We
anticipated that the changes in accuracy would guide the teacher
as to how well the model is doing. However, we found that the
teacher’s willingness to use the model they trained and their over-
all satisfaction with the process was generally not impacted by
the accuracy measure. Even users who attained greater than 80%
accuracy did not feel sufficiently satisfied with the process to use
the learner they built. There are a number of possible explanations
for this observation. One is the weakness of accuracy with regards
to interpretability and generalizability, especially for non-experts.
Statistical metrics like accuracy provide a quantifiable representa-
tion of system performance which can serve as achievable teaching
goals. However, when exposed to the learner over time, teacher’s
might develop other implicit assessments that are difficult to quan-
tify and uncover empirically, like assessing model success in context
to their every day lives.

Additionally, this observation suggests that the user experience
in teaching has more to do with the process than the final outcome.
If the teacher has to spend frustrating amounts of time to improve
themodel, they aremore likely give up. For example, one participant
mentioned that "[It] seemed like my choices had no real effect unless
I was really meant to do 100+ lessons"’. Therefore, metrics not only
have to accurately inform the teacher about performance, but also
potentially offer encouragement to the teacher so that they feel
motivated to proceed during a long session. This desire for improved
transparency to interpret system performance was also echoed in
another participant’s feedback: "It would be very helpful if I could see
more than just the headline." (condition Random). Designing systems
that assist teachers to better interpret the performance criteria, or
even establish their own criteria, would help to mitigate the effects
of evolving expectations on performance assessment.
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With respect to the machine learning strategy employed in our
study (a logistic regression model), we provided a fairly intuitive
interaction paradigm: teach by selecting a group of positive and
negative examples [6, 18]. We observed that when the interface
provided no guidance on samples that are likely to yield better
performance, the users had high expectations. One cause for this
might be that when the teacher’s instructions are based entirely on
their judgement and domain knowledge, they are likely to expect
the model to learn more. This may have a devastating effect on the
success ofMT systemwith free-form interactionswhere the space of
possible ways to teach a concept is vast. Perhaps the most relevant
example of this phenomenon can be observed when designing
prompts for large language models[50]. Thus it is also important
to note in this regard that when the interactions support providing
detailed instructions, teachers who rely primarily on their domain
knowledge and have little understanding of the task may struggle
to teach.

6 LIMITATIONS
There are a number of limitations for our work. Foremost, our use
of accuracy as an assessment technique and limited methods for
feedback might have shaped participants’ perceptions of both the
learner as well as the MT process as a whole. While clickbait is
a familiar task for many, it may not have been a completely fa-
miliar domain task for all participants, which could play a role in
both the accuracies of end models as well as affective metrics we
observed. Even though, we did not explicitly study the impact of
task expertise on teacher expectations, teacher’s ability to iden-
tify a clickbait might impact their expectations and perceptions of
the learner performance. In future studies, we intend to factor in
task expertise and other usability dimensions like cognitive load
and teacher expressibility and application context. Including these
factors will help build more nuanced user models of MT process.
Likewise, while we observed several setpoints for agency on part
of the teacher, there are a wide variety of potential interventions
which might help to shed more light on the issue of teacher express-
ability. For instance, conducting comprehensive user interviews
can help to understand the teacher’s sensemaking process in great
detail. Overall, while we were able to make some inroads in under-
standing some of the human factors at play in MT, our investigation
is by no means exhaustive. In future work, we intend to expand our
research to examine how different feedback mechanisms, measures
for assessing model performance, and teaching strategies affect MT
outcomes.

7 CONCLUSION
In this paper, we implemented an interactive system in order to
gain a qualitative and quantitative understanding of the human
factors and human-teacher/machine-learner relationship in MT.
Through deployment with a variety of non-expert machine teach-
ers in a common classification task, we demonstrated how different
affective and performance attributes shaped the overall success or
failure of the MT process. We showed that participant expectations
of learning affected both the progress and outcomes of an MT ses-
sion, and that specific software affordances that provided teachers
with additional teaching tools changed the affective landscape of

the session. By examining the human factors of MT systems, our
work uncovers the rich interplay between learners and teachers in
MT. Our work sheds light on broader questions about the role of
stakeholders and models in the development of Machine Teaching
systems.
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