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Abstract

As people increasingly use AI systems in work
and daily life, mechanisms that help them use
AI responsibly are urgently needed, especially
when they are not equipped to verify AI predic-
tions themselves. We study a realistic Machine
Translation (MT) scenario where monolingual
users decide whether to share an MT output,
first without and then with quality feedback.
We compare four types of quality feedback: ex-
plicit feedback that directly give users an assess-
ment of translation quality using (1) error high-
lights and (2) LLM explanations, and implicit
feedback that helps users compare MT inputs
and outputs through (3) backtranslation and
(4) question–answer (QA) tables. We find that
all feedback types, except error highlights, sig-
nificantly improve both decision accuracy and
appropriate reliance. Notably, implicit feed-
back, especially QA tables, yields significantly
greater gains than explicit feedback in terms
of decision accuracy, appropriate reliance, and
user perceptions – receiving the highest ratings
for helpfulness and trust, and the lowest for
mental burden.1

1 Introduction

Artificial Intelligence (AI) are increasingly de-
ployed to support human decision-making across
a wide range of domains (Buçinca et al., 2021;
Dastin, 2022; Ma et al., 2024). As these systems
are adopted by the general public, there is a grow-
ing need for feedback mechanisms that help users
construct their own functional explanations – rea-
soning grounded in the goals and consequences of
an AI output to determine how and when to rely on
it for safe and effective use (Lombrozo and Wilken-
feld, 2019; Schoeffer et al., 2024). Prior work has
evaluated various forms of feedback through hu-
man studies, such as error highlights (Khashabi

1https://github.com/dayeonki/mt_
quality_feedback

et al., 2018; Carton et al., 2020) or free-text expla-
nations (Bussone et al., 2015; Bansal et al., 2021;
Buçinca et al., 2021). However, many human-
centered studies evaluating the impact of feedback
in real-world application settings are still needed.
Although designing such studies is challenging, as
it requires accounting for the knowledge and as-
sumptions people bring to decision-making tasks
(Lage et al., 2019; Wiegreffe and Marasovic, 2021),
it remains essential to adopt a human-centered eval-
uation since these feedback mechanisms are ulti-
mately intended to support human users (Boyd-
Graber et al., 2022; Zhu et al., 2024; Carpuat et al.,
2025).

To address this, and in line with prior work that
empirically investigates real-world use cases in
other domains (Hong et al., 2020; Bhatt et al., 2020;
Liao et al., 2020), we evaluate AI feedback for Ma-
chine Translation (MT), where many users criti-
cally need support because they lack the language
proficiency needed to evaluate MT outputs. Imag-
ine a situation during the COVID-19 pandemic:
You regularly read official guidelines in English,
but your Spanish-speaking neighbor cannot access
this information. You turn to MT to share this in-
formation – but as an English monolingual, how
can you determine whether the Spanish MT output
is accurate enough to safely share, or if it contains
critical errors risking misinformation? This is a
practical yet challenging scenario for monolingual
users, who lack both source language proficiency
(Bowker and Ciro, 2019; Liebling et al., 2020)
and domain expertise (Nourani et al., 2020; Lee
and Chew, 2023) to reliably evaluate MT quality,
and who often lack effective strategies for deciding
when to trust imperfect MT (Xiao et al., 2025b).

Prior studies have proposed quality feedback
mechanisms to support MT decision-making, such
as paraphrases, Quality Estimation (QE) scores,
and backtranslation, but findings on their impact
on user confidence and decision accuracy remain
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   Independent Decision-Making

Shareability:           Confidence:

Those most at risk of COVID-19 infection and serious complications are 
the elderly and those with weakened immune systems [...]

Las personas que tienen menor riesgo de contagiarse de COVID-19 
y tener complicaciones graves son los adultos mayores [...]

   AI-Assisted Decision-Making

Shareability:            Confidence:

Backtranslation

Question & Answer Pairs Error Annotation

Text Explanation

Backtranslation QA Table Error Highlights LLM Explanation

Randomly assigned to one condition

Q: Is the Spanish translation good enough to safely share with your Spanish neighbor?

Control

Figure 1: Overview of our study setup. In our human study, each English-speaking monolingual participant reviews a sequence
of 20 decision-making examples. Each example is shown in a two-step process: ➊ Independent decision-making: Participants
first make judgments based solely on the English source and its Spanish MT output and ➋ AI-Assisted decision-making:
They then reassess the same example with one of five randomly assigned conditions (one control and four treatments) . For
each step, they respond to two questions: (1) Shareability: To the best of your knowledge, is the Spanish translation good
enough to safely share with your Spanish-speaking neighbor? and (2) Confidence: How confident are you in your assessment?

mixed (Zouhar et al., 2021; Mehandru et al., 2023).
Building on this, we provide a more comprehensive
assessment of which feedback types best support
users in forming functional explanations to make
reliable MT decisions. We evaluate four types of
quality feedback, grouped by their mode of ex-
plicitness: (1) Explicit quality assessments of MT
output (error highlights and LLM explanation); and
(2) Implicit assessments that support input/output
comparison (backtranslation and QA table).

We conduct a between-subjects human study
with 91 English-speaking monolingual participants,
where they are asked to decide whether Spanish
MT outputs are safe to share with a hypothetical
Spanish-speaking neighbor. For each of 20 exam-
ples, participants first make a decision (Indepen-
dent step), then reassess the same example with a
randomly assigned condition (AI-Assisted step), as
illustrated in Figure 1.

Our findings reveal that all quality feedback in-
terventions except error highlights significantly im-
prove both decision accuracy and appropriate re-
liance (§4.1). Implicit feedback generally outper-
forms explicit types: backtranslation yields signifi-
cantly higher appropriate reliance than error high-
lights, and QA table leads to significantly higher
gains in both metrics than both explicit feedback
types (§4.2). While explicit feedback prompts
more decision changes, it also results in higher
over-reliance, which are cases where participants
change from correct to incorrect decisions after
viewing feedback (§4.3). We also find that partic-
ipants are better at recognizing good translations

than identifying problematic ones (§5.1). In terms
of self-reported perceptions on mental burden, help-
fulness, and trust, QA table feedback consistently
receives the best ratings (§5.2). Finally, we present
participants’ responses to identify which aspects
of each quality feedback they found to be helpful
(§5.3).

Together, these results highlight the value of
quality feedback that supports users’ implicit in-
terpretation of MT outputs rather than explicitly
telling them what to do, supporting a more user-
driven process for making reliable decisions.

2 Background & Research Questions

2.1 Reliance on AI Systems

A growing body of work has examined the nature
of human reliance on AI systems (Lai et al., 2023),
particularly in scenarios involving risk and uncer-
tainty (Jacovi et al., 2021). While the overarching
goal is to design trustworthy AI, studying trust is
complex and multifaceted. To operationalize this,
prior works have developed methods to study hu-
man behavior when using AI systems with a fo-
cus on reliance (de Fine Licht and Brülde, 2021),
defined as the “decision to follow someone’s rec-
ommendation” (Vereschak et al., 2021). Various
metrics have been proposed to assess the degree
of user reliance, including agreement percentage
(how often a user agrees with the AI prediction)
(He et al., 2023a), confidence-weighted accuracy
(decision accuracy weighted by user confidence)
(Mehandru et al., 2023), and switch percentage
(how often a user changes their decision after see-
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ing AI feedback) (Schmitt et al., 2021).
One of the core challenge in human-AI collabo-

ration is achieving appropriate reliance, which is ac-
cepting correct AI advice while rejecting incorrect
advice (Eckhardt et al., 2024). In contrast, under-
reliance (rejecting correct advice) and over-reliance
(accepting incorrect advice) are both undesirable.
We build our work on this line of measuring user
reliance in AI systems, but more specifically in the
context of Machine Translation (MT).

2.2 Impact of Feedback on Reliance
In AI-assisted decision-making, AI systems typi-
cally play a supportive role, offering explanations
in various formats, such as recommendations, con-
fidence scores (Yin et al., 2019), (un)certainty es-
timates, output rationales (Bussone et al., 2015;
Bansal et al., 2021; Buçinca et al., 2021), or a com-
bination thereof (Zhang et al., 2020). These AI
feedback are intended to help human users decide
whether and when to rely on AI outputs (Lai et al.,
2021). However, empirical studies have shown that
despite the intended benefits of AI explanations in
fostering human–AI collaboration, they often lead
to increased user confidence without correspond-
ing improvements in decision accuracy, resulting in
over-reliance on the AI system (Bansal et al., 2021;
Poursabzi-Sangdeh et al., 2021; Kim et al., 2025).

2.3 Impact of Quality Feedback on Reliance
on MT

In the context of MT, the role of the AI system (i.e.,
MT system) takes on a different character since
monolingual users often lack the mechanisms to
reliably assess MT quality, and the AI prediction
(i.e., MT output) is not a direct prediction for the
user’s decision-making task. This unique property
allows MT systems to be used for many implicit
decision-making scenarios (e.g., Is this translation
good enough to share with a friend? To translate
an official document?). This contrasts to traditional
AI-assisted decision-making tasks, which typically
focus on classification settings (e.g., recidivism pre-
diction (Wang and Yin, 2021)), where the AI pre-
diction directly maps onto a single decision. Given
this difference, our work focuses on quality feed-
back, which are more generic assessments of MT
quality rather than direct recommendations, and
ask whether users can rely on such feedback to
make more informed decisions.

Various forms of quality feedback have been
proposed, including quality estimation (QE) score,

backtranslation (Agrawal et al., 2022), error high-
lights that flag problematic spans in the MT output
(Eksi et al., 2021; Rubino et al., 2021; Briakou
et al., 2023), textual explanations of metric outputs
(Fomicheva et al., 2022; Xu et al., 2023; Jiang et al.,
2024; Lu et al., 2024), and question–answer (QA)
pairs designed to indicate potential errors in the
translation (Sugiyama et al., 2015; Krubiński et al.,
2021; Han et al., 2022; Ki et al., 2025; Fernandes
et al., 2025).

Only a few human studies have evaluated quality
feedback on user decision-making and reliance on
MT. For example, Zouhar et al. (2021) show that
backtranslation significantly increased user con-
fidence in translations, even when it did not im-
prove decision accuracy. Mehandru et al. (2023)
demonstrate that backtranslation can help users de-
tect critical errors more effectively than QE scores
in clinical settings. However, results across these
studies remain mixed, and comparisons with more
recent feedback mechanisms are still lacking. Our
work aims to address this gap.

Research Questions. Given this context, we ad-
dress the following RQs:

RQ1. How accurately and appropriately do
monolingual users decide whether to share trans-
lations when provided with quality feedback?
RQ2. How does their decision-making perfor-
mance vary across different quality feedback and
the two modes of explicitness?
RQ3. How do users change their decisions in
response to each type of quality feedback?

3 Methods

In this section, we describe the experimental study
conducted to address our RQs. We outline the over-
all study design (§3.1), four types of quality feed-
back used as treatment conditions (§3.2), stimuli
collection process (§3.3), participant details (§3.4),
and our dependent variables (§3.5).

3.1 Study Design

We study how different types of quality feedback
impact users’ decision-making regarding MT share-
ability through a sequence of 20 examples in a
between-subjects design, as illustrated in Figure 1.
We use the notion of shareability to capture not
only perceived MT quality but also the potential
risk of miscommunication, highlighting the poten-
tial consequences in high-stakes contexts. This
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English Source

Spanish MT

Not many cases are reported in children and most are mild or severe, 
although a significant portion of these do develop severe pneumonia.

No se informan muchos casos en niños y la mayoría son leves a 
críticos, aunque en una porción significativa de estos sí se 

desarrolla severa neumonía.

The translation is mostly accurate, but the phrase "severa 
neumonía" is an incorrect translation of "pneumonia", as the 

English sentence does not specify "severe" pneumonia. 
A more accurate translation would be simply "neumonía" to 

maintain the original meaning.

       Backtranslation

       QA Table

       Error Highlights

Not many cases are reported in children and most of these are mild or moderate, though a significant fraction 
do get pneumonia.

       LLM Explanation

No se informan muchos casos en niños y la mayoría son leves a críticos, aunque en una porción significativa de 
estos sí se desarrolla severa neumonía.

.. Minor | .. Major | .. Critical

Question Answer (Source) Answer (MT)

What type of cases are 
reported in children?

Mild and 
moderate cases

Mild and 
moderate cases

What complication do a 
significant fraction of 
cases in children develop?

Pneumonia Severe 
pneumonia

Figure 2: During the AI-assisted decision-making step, each treatment group participant is presented with an English source,
Spanish translation, and one of four randomly assigned quality feedback types. For error highlights, we also show a color-coded
legend ( Minor | Major | Critical) and for QA table, answer texts are displayed in orange when they are identical or
highly similar, else, blue.

framing aligns with how people make such deci-
sions in practice: while the choice to share or not is
often made implicitly in real-world use cases, our
study makes this decision more explicit, yet still
allows participants to make their own judgment as
they naturally would.

Specifically, we situate participants in a scenario
where an English monolingual speaker reads offi-
cial COVID-19 guidelines in English and decide
whether the Spanish MT output is of sufficient qual-
ity to safely share with a Spanish-speaking neigh-
bor. Each example is presented in two steps: ➊

Independent step, where participants first make
judgments based solely on the English source and
its Spanish translation, and a subsequent ➋ AI-
Assisted step, where the same example is either
shown again (control condition) or paired with
a specific type of quality feedback to support
decision-making (treatment condition). Examples
are presented in randomized order, and two atten-
tion checks were included.

➊ Independent Decision-Making. For each ex-
ample, participants are first asked to make judg-
ments based solely on an English sentence and its
corresponding Spanish translation. They are asked
to answer two questions: (1) Shareability: To the
best of your knowledge, is the Spanish translation
good enough to safely share with your Spanish-
speaking neighbor? (with binary options: Safe
to share as-is, and Needs bilingual review be-
fore sharing); and (2) Confidence: How confident

are you in your assessment? (on a five-point Likert
scale from 1:Very Unconfident to 5:Very Confi-
dent). Since the recruited participants are mono-
lingual English speakers, they are instructed to do
their best in assessing the shareability of the MT
outputs, despite not being fluent in Spanish.

➋ AI-Assisted Decision-Making. Subsequently,
participants are randomly assigned to one of five
conditions: a control condition or one of four treat-
ment conditions, each involving a different type
of quality feedback (§3.2). Those in the control
condition view the same 20 examples twice in suc-
cession without receiving any quality feedback. In
all conditions, participants answer the same two
questions: shareability and confidence.

Pre-/Post-Task Survey. Before starting the main
study, each participant is asked to answer four pre-
task questions regarding their first language, pro-
ficiency in English and Spanish, and frequency
of using AI translation tools in daily life or work.
After completing the main study, each participant
answers three post-task questions about their ex-
perience with the randomly assigned condition in
terms of perceived mental burden, helpfulness, and
trust for future use (Hoffman et al., 2019). Detailed
descriptions are provided in Appendix C.1.

3.2 Types of Quality Feedback Intervention

Figure 2 illustrates an example of each of four qual-
ity feedback interventions. Error highlights and
LLM explanation provide explicit quality assess-
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ments of MT output, whereas backtranslation and
QA table offer implicit assessments that guide par-
ticipants to compare MT input and output. Details
on how each feedback is shown to participants are
in Appendix C.1. To control for feedback quality,
we balance the error rates of feedback predictions
across all types (Appendix D).2

Error Highlights. We adopt an off-the-shelf
QE system, XCOMET-XXL3 (Guerreiro et al.,
2024), to generate error annotations. Each English
source and its corresponding Spanish MT is passed
through the trained QE model, which produces er-
ror spans along with associated confidence scores
and severity levels (minor, major, or critical). We
display the highlighted error spans with a color-
coded legend ( Minor | Major | Critical).
Confidence scores are not shown to participants.
When the identified error span is a subword seg-
ment, we highlight at the word level to improve
readability. Error annotations are presented only
on the MT output, reflecting how the QE model nat-
urally operates. If the QE model does not produce
any error annotations, no highlights are shown, and
the following message is displayed: “AI did not
detect any errors”. On average, each example con-
tains 1.43 annotated error spans.

LLM Explanation. We generate natural
language explanations using LLAMA-3.3 70B
(Grattafiori et al., 2024).4 Instead of instructing the
model to make a shareability decision, we prompt it
to assess the overall quality of the Spanish MT rel-
ative to the English source text. The exact prompt
is provided in Appendix A.1. For digestibility, we
constrain the model to generate responses of fewer
than three sentences. The generated explanations
have an average length of 46.35 words.

Backtranslation. We use the Google Trans-
late API5 to backtranslate the Spanish MT output
since it represents one of the most widely used
consumer-facing commercial MT systems (Pitman,
2021). The translation quality is reasonable, as
indicated by QE scores between the Spanish MT
and its backtranslation: 0.860 from COMET-QE
(Rei et al., 2020) and 0.962 from XCOMET-QE

2We compare the computational and time efficiency for
generating each feedback in Appendix E.

3https://huggingface.co/Unbabel/
XCOMET-XXL

4https://huggingface.co/meta-llama/
Llama-3.3-70B-Instruct

5https://translate.google.com/

XL (Guerreiro et al., 2024). Participants are not in-
formed about the specific MT system used; instead,
they are simply shown a brief explanation stating
that the backtranslation represents “how the AI sys-
tem translates the Spanish MT back into English”.

QA Table. We use the ASKQE framework
(Ki et al., 2025) for question generation and an-
swering, where questions are generated from the
source text and answers are drawn from both the
source and the backtranslated MT output. Specif-
ically, we adopt an optimized version of ASKQE
that uses LLAMA-3.3 70B and entailed facts to
guide question generation, and Google Translate
for backtranslation of the Spanish MT output. All
prompts are provided in Appendix A.2. On aver-
age, each example yields 2.65 questions, with an
average question length of 10.04 words. As illus-
trated in Figure 2, we present the QA pairs in a
table format with the following statements: “The
questions are about the original English content”
and “The answers are based on two sources: the
original English text and the Spanish translation,
which has been translated back into English for
display”. When the two answers are identical or
highly similar, they are displayed in orange, else,
blue. Similarity is computed using a soft variant of
exact matching, with normalization for punctuation,
case, whitespace, and articles.

3.3 Stimuli Collection

We sample 40 English-Spanish examples from the
CONTRATICO dataset (Ki et al., 2025),6 which
contains contrastive, synthetic MT errors in the
COVID-19 domain. Each reference translation
from the TICO-19 dataset (Anastasopoulos et al.,
2020) is perturbed using eight linguistic perturba-
tions, categorized as either minor or critical based
on the potential real-world impact of the MT er-
ror. We recruit five bilingual annotators to indepen-
dently annotate each MT output for gold shareabil-
ity labels. Inter-annotator agreement, measured by
Fleiss’ Kappa7, is moderate (0.449). We select 20
examples for the study based on high agreement
scores determined by majority vote, with 10 exam-
ples per label. Further details are in Appendix B.1.8

6Criteria for data selection are detailed in Appendix B.2.
7https://en.wikipedia.org/wiki/Fleiss_

kappa
8English source sentences contain 471 words in total (av-

erage 23.6 words per sentence), and the Spanish translations
contain 590 words in total (average 29.5 words per sentence).
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Figure 3: Average decision accuracy (left) and CWA (right) for each condition. Paired-sample t-tests are performed to compare
independent and AI-assisted performance and linear mixed-effects ANOVA with Bonferroni corrections to compare different
treatment conditions. *: significant with p-value < 0.05; **: p < 0.01; ***: p < 0.001; Non-marked ones are not statistically
significant. Detailed results are provided in Appendix F.1.

3.4 Participants

We recruited 91 participants residing in the United
States who self-identified English as their first, pri-
mary, and fluent language. Recruitment was con-
ducted in two stages to exclude participants profi-
cient in Spanish: (1) A pre-screening survey, where
participants reported their English and Spanish pro-
ficiency on a five-point scale; and (2) The main task,
limited to those who reported high English and
low Spanish proficiency in the pre-screening phase.
Each main task participant received 5 USD for com-
pleting the task (equivalent to 20 USD/hour),9 and
30 participants who achieved over 70% overall deci-
sion accuracy received an additional 2 USD bonus.
Our institution’s IRB approved to conduct the study.
Participants provided informed consent prior to the
study. Further details are in Appendix C.2.

Of the 91 participants, 90 reported English as
their first language, and one reported both Filipino
and English. The average self-reported English
proficiency was 5/5 and Spanish proficiency was
1.83/5.10 Reported monthly MT usage varied: 5
participants (5.49%) never used MT, 24 (26.4%)
rarely used it, 32 (35.2%) used it sometimes, 19
(20.9%) often, and 11 (12.1%) used MT almost
every day. Data from one participant who failed
both shareability checks was excluded from analy-
sis. Participants were randomly assigned to one of
five conditions, with 18 in each group.

3.5 Dependent Variables

Decision Accuracy. For each example e, we ask
participants to decide whether the translation is
of sufficient quality to safely share using a binary
scale. We compute decision accuracy by comparing

9The task took a median of 14 minutes to complete.
10We detail language proficiency scale in Appendix C.

each participant’s shareability judgment ŝ against
the gold label s∗ for each example e ∈ E:

DecisionAcc.(E) =
1

E

∑

e∈E
1(ŝ = s∗) (1)

Confidence-Weighted Accuracy (CWA). Fol-
lowing Mehandru et al. (2023), we combine de-
cision accuracy and confidence scores using con-
fidence weighting (Ebel, 1965; Marshall et al.,
2017) to evaluate whether participants made the
correct decision weighted by their confidence in
that decision. This metric serves as a measure of
(in)appropriate reliance, where higher scores indi-
cate accurate decisions made with well-calibrated
confidence. Formally, for each example e ∈ E, we
combine shareability ŝ and confidence c as follows:

CWA(E) =
1

E

∑

e∈E
sign(ŝ) · c

5

sign(ŝ) =

{
1, if ŝ = s∗

−1, otherwise

(2)

Switch Percentage. Switch percentage is a
widely used behavioral measure of reliance, captur-
ing how often participants change their decisions af-
ter viewing AI feedback (Srivastava et al., 2022; He
et al., 2023b). In our context, it reflects how quality
feedback influences final shareability judgments
(Eckhardt et al., 2024). We compute three metrics
following the framework of Schemmer et al. (2023):
(1) Over-reliance: the proportion of cases where
a participant changes from a correct to an incor-
rect decision after feedback; (2) Under-reliance:
the proportion of cases where a participant does
not change from an incorrect decision to a correct
one after the quality feedback; (3) Appropriate re-
liance: the proportion of cases where a participant
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Figure 4: Average decision accuracy (left) and CWA (right) for each type of quality feedback and shareability label. n indicates
the number of examples aggregated for each condition and label. Independent aggregates responses made without quality
feedback across all conditions. **: statistically significant with p-value < 0.01; ***: p < 0.001; Non-marked ones are not
statistically significant. Detailed results are provided in Appendix F.3.

either corrects an incorrect decision after receiving
feedback (switch) or maintains a correct decision
(no switch). To account for the differing conse-
quences of reliance depending on shareability, we
further break down each reliance metric by share-
ability label, as detailed in Appendix F.2.

4 Results

We begin by comparing independent and AI-
assisted decision-making performance (§4.1). We
then evaluate the four quality feedback types in
detail, in terms of decision accuracy, CWA (§4.2),
and switch percentage (§4.3).

4.1 RQ1: Does Quality Feedback Improve
MT Decision-Making?

We perform paired-sample t-tests to compare inde-
pendent and AI-assisted performance. As shown
in Figure 3, participants in all four treatment con-
ditions generally exhibit higher decision accuracy
(left) and appropriate reliance, measured by CWA
(right) in the AI-assisted decision-making step
compared to the independent step. We observe
statistically significant gains in average decision
accuracy for LLM explanation (9.31%; p < 0.05),
backtranslation (18.7%; p < 0.001), and QA ta-
ble feedback (16.1%; p < 0.001), resulting in an
overall average improvement of 8.32% across all
conditions. CWA improves across all conditions
with greater extent, averaging 15.3%, indicating
that providing any quality feedback is more effec-
tive at helping participants make accurate decisions
with well-calibrated confidence than at improving
decision accuracy alone.

We further find that both decision accuracy (M
= 0.605, S.E. = 0.036) and CWA (M = 0.172, S.E.
= 0.054) in the AI-assisted step are significantly
lower in the control condition than in all treatment
conditions except for the error highlights group.

Moreover, the within-group difference between the
independent and AI-assisted steps in the control
condition is not statistically significant. This in-
dicates that our two-step setup does not induce
learning effects but the observed gains in decision
accuracy and appropriate reliance stem from the
quality feedback, not from repetition.

4.2 RQ2: Which Feedback is Most Effective?

We perform linear mixed-effects ANOVA, fol-
lowed by Bonferroni correction for multiple com-
parisons across treatment conditions. Implicit feed-
back types generally outperform explicit ones. Par-
ticipants who received QA table feedback have
significantly higher AI-assisted decision accuracy
(M = 0.765, S.E. = 0.022) than those in the error
highlights (M = 0.647, S.E. = 0.043; p < 0.01) and
the LLM explanation group (M = 0.693, S.E. =
0.042; p < 0.05), as shown in Figure 3. No signifi-
cant difference was found between QA table and
backtranslation (M = 0.716, S.E. = 0.025).

A similar pattern emerges for appropriate re-
liance (CWA). QA table group achieved signifi-
cantly higher CWA (M = 0.488, S.E. = 0.040) than
error highlights (M = 0.239, S.E. = 0.071; p < 0.01)
and LLM explanations (M = 0.353, S.E. = 0.070; p
< 0.05). Backtranslation (M = 0.388, S.E. = 0.072;
p < 0.05) also yielded significantly higher CWA
than error highlights. These results suggest that QA
table feedback is the most effective overall, outper-
forming both explicit feedback types in supporting
accurate and well-calibrated MT decisions.

Participants’ independent decision-making per-
formance did not significantly differ across condi-
tions, except for CWA, where QA table feedback
(M = 0.282, S.E. = 0.040) significantly outperform
error highlights (M = 0.156, S.E. = 0.041; p < 0.05).

Overall, our findings show that all three quality
feedback types except error highlights significantly
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Figure 5: Breakdown of switch percentages by quality feed-
back type, showing appropriate, over-, and under-reliance.

improve both decision accuracy and appropriate re-
liance compared to no feedback, with implicit feed-
back types (backtranslation and QA table) show-
ing stronger and more consistent statistical effects
(§4.1). Among them, QA table consistently yields
the greatest gains in both metrics (§4.2).

4.3 RQ3: Which Feedback do Users Rely on
Most Appropriately?

For each quality feedback, we compute switch
percentage to capture participants’ behavioral pat-
terns of reliance in Figure 5. Under-reliance is
highest in the error highlights group (25.6%), fol-
lowed by backtranslation (21.1%), LLM explana-
tion (18.1%), and QA table (15.3%). Interestingly,
implicit feedback types (QA table (7.78%) and
backtranslation (7.22%)) yield lower over-reliance
than explicit ones (LLM explanation (13.3%) and
error highlights (10.0%)). Across all conditions,
participants are more likely to maintain their initial
decisions (regardless of correctness) than to change
them, as under-reliance consistently exceeds over-
reliance, and appropriate reliance (no switch) ex-
ceeds (switch).

We further examine switch percentages by share-
ability label in Appendix F.2. Participants show
higher over-reliance and lower under-reliance for
shareable examples than non-shareable ones.11

This suggests that participants are more likely to
change their decisions when initially judging trans-
lations as shareable, but tend to maintain their deci-
sions when judging them as non-shareable.

11We refer to shareable as examples labeled “Safe to share
as-is,” and non-shareable as those labeled “Needs bilingual
review before sharing”.

Condition Mental burden Helpfulness Trust
Control 5.83 2.89 -
Error Highlights 4.94 3.83 3.89
Explanation 4.06 4.39 4.11
Backtranslation 4.06 4.39 4.06
QA Table 4.00 4.39 4.22

Table 1: Average mental burden (1-7, ↓), helpfulness (1-5, ↑),
and trust for future use (1-5, ↑) for each condition group. Best
scores for each metric are bold.

5 Analysis

5.1 Shareable vs. Non-shareable MT

As shown in Figure 4, treatment condition partici-
pants consistently achieve significantly higher de-
cision accuracy (p < 0.01 for error highlights; p <
0.001 for others) and CWA scores (p < 0.001) on
shareable examples than on non-shareable ones.
One exception is the LLM explanation group,
where the differences are statistically not signifi-
cant. This suggests that participants generally make
more accurate and appropriate decisions when eval-
uating good translations than problematic ones, in-
dicating that helping users reliably identify critical
MT errors remains a challenge.

5.2 Self-reported Perception vs. Actual
Performance

In the post-task survey, participants rated the qual-
ity feedback they received in terms of perceived
mental burden, helpfulness, and trust for future
use. As shown in Table 1, the control condition
group reported highest mental burden (5.83) and
lowest helpfulness (2.89), suggested that repeated
exposure without any quality feedback increased
cognitive load without enhancing perceived utility.

Among the four treatment conditions, QA ta-
ble group reported the highest level of trust (4.22),
aligning with findings from Section 4.2 that this
feedback is most effective at improving appropri-
ate reliance. In contrast, participants who received
error highlights gave the lowest ratings for help-
fulness (3.83) and trust (3.89), which is consistent
with their relatively poor performance in both de-
cision accuracy and appropriate reliance (CWA).
Interestingly, while LLM explanations do not yield
large gains in decision accuracy or CWA, they have
relatively high ratings for helpfulness (4.39) and
trust (4.11), which may reflect the over-reliance dis-
cussed in Section 4.3. In terms of mental burden,
the error highlights group reported higher score
(4.94) than other groups. We attribute this to the
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nature of error highlights as a target-side feedback
mechanism (Leiter et al., 2024), which displays
highlights on the Spanish MT output, making it dif-
ficult to interpret for monolingual source speakers.

5.3 What Makes Quality Feedback Helpful?

We present treatment condition participants’ re-
sponses on how they used quality feedback in their
decision-making and which aspects they found
helpful or unhelpful. For error highlights, two par-
ticipants found them largely unhelpful, noting that
the highlights were only shown on the Spanish MT,
illustrating a key limitation of a target-side feed-
back. However, some appreciated the explicitness
of the highlights, stating that they pointed to “ar-
eas that not have been accurately translated” or
“key translation mistakes”. Similarly, four partici-
pants valued LLM explanations for showing “ex-
actly what is correct or incorrect”. Some further
appreciated for offering insights into alternative
translations or contextual relevance.

In contrast, participants who received implicit
feedback described a more self-directed decision-
making process. Backtranslation was considered
helpful for verifying “some tiny unsure details” or
checking whether “the core meaning of the original
English text was preserved in the Spanish MT” by
comparing the two English texts. Similarly, QA ta-
ble encouraged participants to revisit the MT output
when a mismatch was detected (“if the statement is
blue, I double check the phrase again”), “compare
the words and make determinations” themselves.
Detailed comments are provided in Appendix F.4.

6 Conclusion

We explore the utility of quality feedback in help-
ing monolingual source speakers make reliable MT
decisions. We conduct a between-subjects human
study where participants decide whether Spanish
MT outputs are safe to share, first independently
and then with one of five conditions. The four
treatment conditions include different types of MT
quality feedback: two explicit (error highlights and
LLM explanation) and two implicit (backtransla-
tion and QA table).

We find that all feedback types except error high-
lights significantly improve decision accuracy and
appropriate reliance (§4.1). Implicit feedback, es-
pecially QA table, outperforms explicit feedback
in both objective performance and self-reported
ratings (§4.2, §5.2) and while explicit feedback

prompts more decision changes, it also increases
over-reliance (§4.3). We further show that partic-
ipants are better at confirming good translations
than detecting problematic ones (§5.1).

Overall, our findings underscore the value of
feedback that guides users’ implicit interpretation
rather than prescribing decisions. Implicit methods
may be especially effective, as they preserve users’
agency in the decision-making process (Savoldi
et al., 2025; Xiao et al., 2025a). Along with in-
sights into what participants found helpful across
feedback types (§5.3), our work calls for further
research exploring feedback to help users reliably
identify critical MT errors in realistic use cases.

7 Limitation

Presentation differences. We acknowledge that
presentation differences, such as formatting or vi-
sual salience, can influence user behavior indepen-
dently of the underlying feedback type. To miti-
gate this, we iteratively designed and piloted each
feedback interface to ensure clarity and minimize
usability discrepancies across conditions. Specifi-
cally, we conducted seven rounds of internal pilot
testing and usability checks to identify sources of
confusion, refine language, or layout. While some
format-specific differences were necessary (e.g., er-
ror highlights inherently rely on color to convey
span-level quality signals, while QA tables require
side-by-side comparisons), we carefully calibrated
to ensure that each condition represented a “best
of its breed” version of that feedback type. There-
fore, although we acknowledge the possibility of
minor usability-related effects, we believe these
differences are unlikely to fully account for the per-
formance gaps observed between feedback types.

Study with monolingual target speakers. Our
human study focuses on monolingual source speak-
ers who self-identified as proficient in English but
not in Spanish, simulating a scenario in which non-
English speakers encounter MT outputs of COVID-
19 articles originally written in English. An im-
portant complementary study remains – evaluat-
ing with the monolingual target speakers. This
would require modifying our current quality feed-
back setup: (1) Error highlights would continue
to be displayed on the MT output; (2) LLM expla-
nations would need to be presented in the target
language; (3) Backtranslation would no longer be a
suitable feedback; and (4) For QA table, questions
would need to be generated from the backtranslated
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source, with answers derived from both the back-
translation and the (possibly perturbed) MT out-
put. Future work can explore this variant through
a human-centered study to assess how different
forms of quality feedback influence MT decision-
making for monolingual target speakers.

Limited scope. The scope of our study is limited
to the current experimental setup. While we focus
on the English-Spanish language pair, motivated by
Spanish being the most widely spoken non-English
language in the United States (U.S. Census Bureau,
2022), our findings may not generalize to other
language pairs. For consistency and fair compari-
son, we use the same model (LLAMA-3.3 70B) to
generate both LLM explanations and QA table feed-
back, and the same MT system (Google Translate)
to produce backtranslations and the backtranslated
MT outputs used in QA generation. Our evaluation
is also limited to four types of quality feedback: er-
ror highlights, LLM explanations, backtranslation,
and QA table.

Moreover, we intentionally focused on a single
domain (communicating COVID-19 protocols) and
a specific user population with specific language
background in order to ensure that our study re-
flects realistic decision-making scenarios. This
controlled setting helped participants better oper-
ationalize the notion of shareability and limited
potential confounding factors in the study. We be-
lieve the core findings ought to generalize to other
language pairs since MT quality was not a major
factor, and possibly other domains with similar no-
tions of shareability.

Understanding the effect of quality feedback on
MT reliance across a wider range of contexts is an
important direction of future work. For instance,
the doctor-patient setting represents a valuable use
case where the doctor as a user of MT has more
consideration and technical expertise in deciding
whether MT outputs are shareable. Another exam-
ple could be dialogues, where additional rounds
of human and automatic feedback is possible. We
view our study as a foundational step toward more
extensive future research in this area.

Use of synthetic dataset. While our study aimed
to simulate a realistic decision-making scenario,
the MT outputs themselves are drawn from a syn-
thetically constructed dataset CONTRATICO. This
design choice allowed us to systematically control
for specific error types and severity levels. How-
ever, we acknowledge that these errors may not

fully capture the complexity and variability of nat-
urally occurring MT errors.
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A Prompts

A.1 LLM Explanation

We show prompt used for generating explanations
with LLAMA-3.3 70B (Grattafiori et al., 2024).

Prompt A.1: LLM Explanation

Task: Your task is to evaluate the quality of the
Spanish translation of the English sentence. Give your
explanation in less than 3 sentences.

English sentence: {source}
Spanish translation: {target}
Explanation:

A.2 Question-Answer (QA) Table

We use the same prompts for both question genera-
tion (A.2.1) and answering (A.2.2) as those used in
ASKQE (Ki et al., 2025).

Prompt A.2.1: Question Generation (QG)

Task: You will be given an English sentence and a list
of atomic facts, which are short sentences conveying
one piece of information. Your goal is to generate a list
of relevant questions based on the sentence. Output the
list of questions in Python list format without giving
any additional explanation.

*** Example Starts ***
Sentence: It was declared a pandemic by the World
Health Organization (WHO) on 11 March 2020.
Atomic facts: [“It was declared a pandemic on 11
March 2020.”, “The World Health Organization (WHO)
declared it a pandemic.’]
Questions: [“What was declared on 11 March 2020?",
"Who declared it a pandemic?”]

Sentence: The number of accessory proteins
and their function is unique depending on the specific
coronavirus.
Atomic facts: [“The number of accessory proteins is
unique depending on the specific coronavirus.”, “The
function of accessory proteins is unique depending on
the specific coronavirus.”]
Questions: [“What is unique depending on the specific
coronavirus?”, “What is unique about the function of
accessory proteins?”]
*** Example Ends ***

Sentence: {sentence}
Atomic facts: {atomic facts}
Questions:

Prompt A.2.2: Question Answering (QA)

Task: You will be given an English sentence and a list
of relevant questions. Your goal is to generate a list of
answers to the questions based on the sentence. Output
only the list of answers in Python list format without
giving any additional explanation.

*** Example Starts ***
Sentence: Some patients have very mild symptoms,
similar to a cold.
Questions: [“What kind of symptoms do some patients
have?”, “What are the symptoms similar to?”]
Answers: [“Very mild symptoms”, “A cold”]

Sentence: Diabetes mellitus (784, 10.9%), chronic lung
disease (656, 9.2%), and cardiovascular disease (647,
9.0%) were the most frequently reported conditions
among all cases.
Questions: [“What were the most frequently reported
conditions among all cases?”, “What percentage of
cases reported diabetes mellitus?”, “What percentage
of cases reported chronic lung disease?”, “What
percentage of cases reported cardiovascular disease?”]
Answers: [“Diabetes mellitus, chronic lung disease,
and cardiovascular disease”, “10.9%”, “9.2%”, “9.0%”]
*** Example Ends ***

Sentence: {sentence}
Questions: {questions}
Answers:

B Dataset Details

B.1 Gold Annotation

We provide details of the gold annotation process
used to collect gold shareability labels. We use
Qualtrics12 to design the survey and Prolific13 to
recruit annotators fluent in both English and Span-
ish. A total of 40 examples, each consisting of an
English sentence and its Spanish translation, were
presented in randomized order. As shown in Fig-
ure 6, annotators were asked to judge whether the
Spanish translation was (1) Safe to share as-is or (2)
Needs bilingual review before sharing. The survey
took a median completion time of 30 minutes. We
recruited 5 annotators and compensated each with
8 USD (equivalent to 16 USD/hour).

We select 20 examples with high agreement
scores (based on majority vote) for use in the main
task. The final set includes 10 examples per label.
The average agreement score is 1.0 for examples
labeled as “Safe to share as-is” (shareable) and 0.8
for those labeled as “Needs bilingual review be-
fore sharing” (non-shareable). The shareable set
includes 5 non-error examples and 5 minor error
examples, comprising 2 synonym, 2 word order,
and 1 spelling error, based on the error taxonomy

12https://www.qualtrics.com
13https://www.prolific.com
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in Ki et al. (2025). The non-shareable set includes
1 minor error (intensifier) and 9 critical errors: 6
alteration, 2 omission, and 1 expansion with impact
error examples.

B.2 Data Selection Criteria
We ensure the selected examples from the CON-
TRATICO dataset (Ki et al., 2025) meet the follow-
ing criteria before running the gold annotation: (1)
Examples have a balanced distribution across three
error severity levels: no error, minor errors, and crit-
ical errors in MT; (2) Examples have comparable
lengths across error severity levels to minimize the
influence of sentence length on participants’ confi-
dence (Zouhar and Bojar, 2020); (3) Examples are
relevant to the scenario context. We focus on the
Wikivoyage14 subset of the dataset, which contains
announcements and protocols related to COVID-
19 (e.g., “It was declared a pandemic by the World
Health Organization (WHO) on 11 March 2020.”)
instead of informal conversations (e.g., “and does
this pain move from your chest?”) or sentences
with highly technical terms (e.g., “Like all coron-
aviruses, virions consist of single-stranded positive-
sense RNA enclosed within an envelope.”).

C Study Design Details

We present details about our human study design.

C.1 Annotation Interface
We built a custom annotation interface, with screen-
shots shown in Figure 7 following the task flow:
(1) Consent to Participate, (2) Pre-task survey, (3)
Task instructions and compensation details, (4) Tu-
torial, (5) Independent decision-making task, (6)
AI-assisted decision-making task, and (7) Post-task
survey. Participants were required to answer all
pre- and post-task survey questions. We present an
interactive tutorial before the main task to ensure
that participants understand the questions they will
be asked for each example. We also illustrate how
each type of quality feedback was presented during
the AI-assisted decision-making step.

Pre-Task Survey. The pre-task survey includes
the following four questions:

• First language: What is your first language (or
languages)?

• Proficiency in English: What is your level of
proficiency in English?

14https://www.wikivoyage.org/

◦ I cannot understand any English words or sentences
at all.

◦ I can read some English words and very simple sen-
tences.

◦ I can read short, simple texts in English, such as
messages from friends.

◦ I can read English texts about everyday life, such as
short novels or news articles.

◦ I can read long and difficult texts in English, such as
opinion essays or scientific papers, without help.

• Proficiency in Spanish: What is your level of
proficiency in Spanish?

◦ I cannot understand any English words or sentences
at all.

◦ I can read some English words and very simple sen-
tences.

◦ I can read short, simple texts in English, such as
messages from friends.

◦ I can read English texts about everyday life, such as
short novels or news articles.

◦ I can read long and difficult texts in English, such as
opinion essays or scientific papers, without help.

• AI Translation Tool Usage: In the past month,
how often did you use AI translation tools (e.g.,
Google Translate, CHATGPT)?

◦ Never: Never in the past month
◦ Rarely: Fewer than once a week
◦ Sometimes: Two or three times a week
◦ Often: More than three times a week, but not every

day
◦ Always: Almost every day

Post-Task Survey (Control). In the post-task sur-
vey for the control condition, we include the fol-
lowing two questions:

• Mental Workload: How much mental burden
(e.g., thinking, deciding) did you experience
while doing the task?

◦ 1 (Low)
◦ ...
◦ 7 (High)

• Helpfulness: How helpful was seeing the same
example twice in your Spanish translation quality
assessment?

◦ 1 (Very unhelpful)
◦ 2 (Unhelpful)
◦ 3 (Neutral)
◦ 4 (Helpful)
◦ 5 (Very helpful)

Post-Task Survey (Treatment). In the post-task
survey for treatment conditions, we dynamically
replace FEEDBACK with the participant’s assigned
quality feedback type. The survey includes the
following three questions:

• Mental Workload: How much mental burden
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(e.g., thinking, deciding) did you experience
while using the FEEDBACK?

◦ 1 (Low)
◦ ...
◦ 7 (High)

• Helpfulness: How helpful was the FEEDBACK

in assisting the Spanish translation quality assess-
ment?

◦ 1 (Very unhelpful)
◦ 2 (Unhelpful)
◦ 3 (Neutral)
◦ 4 (Helpful)
◦ 5 (Very helpful)

• Trust for Future Use: Would you use the
FEEDBACK again in the future?

◦ 1 (Very unlikely)
◦ 2 (Unlikely)
◦ 3 (Neutral)
◦ 4 (Likely)
◦ 5 (Very likely)

Depending on the participant’s response to the
Helpfulness question, we present an optional
follow-up question:

• If the response is 1 or 2: In what ways was the
information provided by the FEEDBACK confus-
ing or unhelpful?

• If the response is 3: How did you use the in-
formation provided by the FEEDBACK in your
assessment?

• If the response is 4 or 5: In what ways was the
information provided by the FEEDBACK helpful?

C.2 Recruitment Process

Pre-screening Survey. We conducted our user
studies on the Prolific platform. For the pre-
screening survey, we used the same language pro-
ficiency questions as in the pre-task survey (Ap-
pendix C) to reliably recruit monolingual English
speakers. To ensure high-quality responses, we
limited participation to users with a Prolific ap-
proval rate above 90% and at least 10 prior submis-
sions. We recruited 205 participants and invited
123 who selected “I can read long and difficult texts
in English without help” for English proficiency,
and either “I cannot understand any Spanish words
or sentences at all” or “I can read some Spanish
words and very simple sentences, such as greet-
ings and common expressions” for Spanish pro-
ficiency. Each pre-screening participant received
0.20 USD, totaling 55.20 USD including Prolific
platform fees.

Main task. Of the 123 invited participants, 91
completed the main task. Each received a base pay-
ment of 5 USD for 20 minutes of participation, with
an additional 2 USD performance-based bonus for
those achieving over 70% overall decision accuracy.
A total of 30 participants qualified for this bonus.
One participant who failed both attention check
questions was compensated but excluded from the
final analysis, resulting in 90 valid responses. The
median task completion time was 14 minutes, cor-
responding to an effective pay rate of 20 USD per
hour. The total cost for the main task, including
Prolific fees, was 588.01 USD.

D Inferring AI Feedback Decisions

During dataset selection, we ensure that each feed-
back condition includes a relatively balanced num-
ber of examples reflecting both correct and incor-
rect AI predictions. Since none of the feedback
types provide a direct prediction of shareability
judgment, we apply tailored proxy measures to ap-
proximate the intended shareability label for each
feedback type, as detailed below.

Error Highlights. For each error annotation, we
take the highest error severity level h (No error,
Minor, Major, or Critical) as the QE model’s de-
cision. The decision is mapped to the two-point
shareability scale as follows:
{

Safe to share as-is, h ∈ {No error,Minor}
Needs bilingual review, h ∈ {Major,Critical} (3)

LLM Explanation. We prompt the same model
used to generate textual explanations (LLAMA-
3.3 70B) to make shareability judgments using the
same information and option format provided to
participants in the task instructions. Exact prompt
used is outlined in Appendix A.1.

Backtranslation. Following Ki et al. (2025), we
compute XCOMET-QE scores between the Span-
ish MT and its backtranslation. We fit a three-
component Gaussian Mixture Model (GMM).15

GMM is a probabilistic clustering model that as-
sumes data points are generated from a mixture of
Gaussian distributions, assigning a probability to
each point for belonging to a specific cluster. We
hypothesize two clusters corresponding to different
ranges of QE scores: (1) “Safe to share as-is”
cluster with higher QE scores and (2) “Needs

15https://scikit-learn.org/stable/
modules/mixture.html
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Feedback Model (size) Computation Avg. Time
Error Highlights XCOMET-XXL (10.7B) × 3 03:52
LLM Explanation LLAMA-3.3 (70B) × 8 01:56
Backtranslation Google Translate - 01:24
QA Table LLAMA-3.3 (70B) × 8 03:48

Table 2: Average computational and time efficiency for four
types of quality feedback. Computation is reported in GPU
units (RTX A5000). Avg. Time is shown in MM:SS.

bilingual review before sharing” cluster with lower
QE scores. Each of the 20 examples is assigned a
probability to each cluster and is categorized into
the cluster with the highest probability.

QA Table. We follow a similar procedure to that
used for backtranslation. However, instead of using
QE scores, we compute ASKQE scores through a
two-step process: (1) measuring overlap between
answers from the source Asrc and from the back-
translated MT output Abt, and (2) aggregating
question-answer similarities into a segment-level
metric. We use F1, a standard similarity measure
in QA research (Rajpurkar et al., 2016; Deutsch
et al., 2021). Formally, for each example e ∈ E,
we compute:

AskQE(e) =
E∑

i=1

F1(Asrc, Abt)

E
(4)

We fit a two-component Gaussian Mixture Model
(GMM) to the ASKQE scores and assign each ex-
ample to the cluster with the highest probability.

The selected examples were then manually re-
viewed by the authors to ensure that the proxy mea-
sures provided a reasonable approximation of the
feedback’s implied shareability judgments. This
process resulted in a relatively balanced distribu-
tion of correct and incorrect examples across feed-
back types: we included 9, 10, 11, and 9 correct
examples for the Error Highlights, LLM Explana-
tion, Backtranslation, and QA Table conditions,
respectively (with corresponding incorrect counts
of 11, 10, 9, and 10). This helped ensure that each
feedback condition reflected a comparable underly-
ing error rate.

E Computational & Time Efficiency

We compare the average computational and time
efficiency of generating four types of quality feed-
back across 20 examples chosen from the gold an-
notation process. As shown in Table 2, all feedback
demonstrate sufficient efficiency for deployment in
user-facing applications.

F Detailed Results

F.1 Independent vs. AI-Assisted
We present detailed results for both the independent
and AI-assisted decision-making steps in terms of
decision accuracy and CWA in Table 5. We show
that the QA table feedback yields the highest over-
all and AI-assisted performance across both met-
rics, while error highlights have the lowest scores.

F.2 Switch Percentage
To account for the differing consequences of re-
liance relative to shareability, we first define four
outcome types based on the participant’s shareabil-
ity judgment ŝ and the gold label s∗:

• True Positive (TP): s∗ is shareable, ŝ = s∗

• False Positive (FP): s∗ is shareable, ŝ ̸= s∗

• True Negative (TN): s∗ is non-shareable, ŝ = s∗

• False Negative (FN): s∗ is non-shareable, ŝ ̸= s∗

Using this, we categorize decision transitions as
shown in Table 3: (1) Over-reliance: changing from
a correct to an incorrect decision after feedback
(TP → FP and TN → FN); (2) Under-reliance:
maintaining an incorrect decision after feedback
(FP → FP and FN → FN); (3) Appropriate reliance:
either maintaining a correct decision (TP → TP
and TN → TN) or correcting an incorrect one after
feedback (FP → TP and FN → TN).

TP FP TN FN
TP Appropriate Over - -
FP Appropriate Under - -
TN - - Appropriate Over
FN - - Appropriate Under

Table 3: Categorization of decision transitions from Indepen-
dent (rows) to AI-Assisted (columns). Appropriate: Appro-
priate reliance; Over: Over-reliance; Under: Under-reliance.

In Table 4, we present detailed switch percentage
results for each quality feedback type, broken down
into each constituent of under-, over-, and appro-
priate reliance. Across all conditions, participants
show higher over-reliance and lower under-reliance
for shareable examples than non-shareable ones.

F.3 Per Shareability Label
We show detailed decision accuracy and CWA
scores by shareability label ( Safe to share as-is
and Needs bilingual review before sharing) in
Table 6. Across all conditions, both decision accu-
racy and CWA are consistently higher for examples
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Feedback Reliance Transition Value (%)

Error Highlights

Appropriate reliance

TP → TP 113 (31.4)
FP → TP 23 (6.39)
TN → TN 67 (18.6)
FN → TN 29 (8.06)

Over-reliance
TP → FP 20 (5.56)
TN → FN 16 (4.44)

Under-reliance
FP → FP 26 (7.22)
FN → FN 66 (18.3)

LLM Explanation

Appropriate reliance

TP → TP 100 (27.8)
FP → TP 24 (6.67)
TN → TN 78 (21.7)
FN → TN 45 (12.5)

Over-reliance
TP → FP 31 (8.61)
TN → FN 17 (4.72)

Under-reliance
FP → FP 25 (6.94)
FN → FN 40 (11.1)

Backtranslation

Appropriate reliance

TP → TP 115 (31.9)
FP → TP 31 (8.61)
TN → TN 75 (20.8)
FN → TN 37 (10.3)

Over-reliance
TP → FP 10 (2.78)
TN → FN 16 (4.44)

Under-reliance
FP → FP 24 (6.67)
FN → FN 52 (14.4)

QA Table

Appropriate reliance

TP → TP 123 (34.2)
FP → TP 29 (8.06)
TN → TN 86 (23.9)
FN → TN 39 (10.8)

Over-reliance
TP → FP 16 (4.44)
TN → FN 12 (3.33)

Under-reliance
FP → FP 11 (3.06)
FN → FN 44 (12.2)

Table 4: Detailed switch percentage results by quality feed-
back type and reliance (appropriate, over-, under-reliance).

labeled as shareable, indicating that participants
make more accurate and better-calibrated decisions
for good translations than for those requiring bilin-
gual review.

F.4 Participant Responses
We present detailed participants’ comments of what
aspects of the quality feedback they received to
be helpful or unhelpful. This question varied de-
pending on their rating of helpfulness, as shown in
Appendix C.
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Feedback Decision Acc. (Total) Decision Acc. (Ind.) Decision Acc. (AI) CWA (Total) CWA (Ind.) CWA (AI)
Control 0.609 [0.558, 0.660] 0.613 [0.542, 0.684] 0.605 [0.533, 0.678] 0.177 [0.101, 0.253] 0.182 [0.074, 0.290] 0.172 [0.066, 0.278]

Error Highlights 0.620 [0.547, 0.693] 0.593 [0.518, 0.668] 0.647 [0.565, 0.730] 0.197 [0.063, 0.331] 0.156 [0.020, 0.292] 0.239 [0.089, 0.388]

LLM Explanation 0.664 [0.610, 0.717] 0.634 [0.567, 0.701] 0.693 [0.631, 0.756] 0.292 [0.193, 0.392] 0.232 [0.111, 0.352] 0.353 [0.241, 0.465]

Backtranslation 0.659 [0.603, 0.715] 0.603 [0.540, 0.666] 0.716 [0.683, 0.847] 0.288 [0.188, 0.389] 0.188 [0.079, 0.298] 0.388 [0.272, 0.505]

QA Table 0.712 [0.639, 0.786] 0.659 [0.573, 0.746] 0.765 [0.683, 0.847] 0.385 [0.252, 0.519] 0.282 [0.131, 0.433] 0.488 [0.333, 0.643]

Table 5: Detailed results for decision accuracy and CWA by condition. Ind.: Independent decision-making step; AI: AI-assisted
decision-making step. Values represent mean scores with corresponding 95% confidence intervals. Best scores for each column
is bold.

Step Feedback Decsion Acc. ( ) Decision Acc. ( ) CWA ( ) CWA ( )

Independent - 0.733 [0.701, 0.765] 0.509 [0.473, 0.546] 0.402 [0.351, 0.453] 0.024 [-0.034, 0.081]

AI-Assisted

Error Highlights 0.753 [0.690, 0.816] 0.546 [0.474, 0.619] 0.415 [0.310, 0.520] 0.069 [-0.051, 0.189]

LLM Explanation 0.709 [0.644, 0.774] 0.681 [0.614, 0.748] 0.380 [0.266, 0.494] 0.323 [0.204, 0.443]

Backtranslation 0.805 [0.746, 0.864] 0.622 [0.549, 0.695] 0.566 [0.467, 0.664] 0.210 [0.082, 0.339]

QA Table 0.848 [0.795, 0.901] 0.687 [0.619, 0.755] 0.649 [0.554, 0.745] 0.335 [0.217, 0.455]

Table 6: Detailed results for decision accuracy and CWA by quality feedback type and shareability label. : Safe to share as-is;
: Needs bilingual review before sharing. Values represent mean scores with corresponding 95% confidence intervals. Best

scores for each column is bold.

Feedback Participant Responses
• The fact that it doesn’t tell me what the highlighted translated words mean makes it useless. When it tells me certain things are translated
incorrectly but doesn’t tell me what the meaning of the translation is, that’s so pointless. ( )
• Since I don’t understand Spanish I can’t even judge how wrong/right the error detection is. I can’t see this being helpful to anyone
except people who already know Spanish. ( )
• It gave me the suggestions about the information I could not understand. ( )
• It helped highlight areas that not have been accurately translated. ( )
• It let me know where to look, and if it thought there were errors. ( )
• It highlighted key translation mistakes, helping to ensure the translation was accurate before sharing. ( )

• Provided exactly why it was incorrect or correct. ( )
• Gave me the answers. I don’t know Spanish. ( )
• It has enabled to know whether the translation was accurate or not. ( )
• The information provided by explanation helped me understand the context of what was being said more clearly. ( )
• By explaining what was wrong with the translation and putting what would be the correct translation. ( )
• It clarified some phrasing that was clearly a direct translation versus a natural translation. ( )

• Since I’m not very fluent in Spanish, the AI-translation was helpful in verifying some tiny unsure details.( )
• I made a variety of mistakes when attempting to translate myself, the AI was helpful in translating particular words which made a major
difference in the meaning of the sentence. ( )
• It provides insight into whether the core meaning and intent of the original text are preserved in the translation. ( )
• The information simplified what was said and made it very easy to understand. ( )
• Since I’m not very fluent in Spanish, the AI translation was helpful in verifying some tiny unsure details. ( )

• If the statement is blue, I double check the phrase again. ( )
• I could compare the words and make determinations. ( )
• It was helpful in terms of giving a breakdown of the Spanish translation. ( )
• It provided some clarity in showing that there was a difference in the translation. ( )
• I liked seeing the orange and blue so I knew if similar or different. These helped when slight differences such as when things were mild
or the other said severe. ( )
• There were small but seriously important words I missed that when giving advice on an issue that could mean life or death matter. ( )
• It helped me know what information was being displayed on the Spanish side. ( )
• I would like this to be included for future surveys. ( )

Table 7: Participants’ responses on how they used quality feedback in their decision-making process, specifically why the
feedback was perceived as confusing or unhelpful ( ) or why it was considered helpful ( ).

12089



(a) Task Instructions

(b) Example Question

Figure 6: Screenshots of the instructions provided to bilingual annotators, along with an example question.
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(a) Pre-task Survey (b) Task Instructions

(c) Tutorial (d) Independent Decision-Making

(e) AI-Assisted: Error Highlights (f) AI-Assisted: LLM Explanation

Figure 7: Screenshots of our annotation interface, organized according to the task flow. Each example has a brief summary of
the task instructions at the top, which participants can click to expand or collapse.
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(h) AI-Assisted: Backtranslation (i) AI-Assisted: QA Table

(j) Attention Check Question (k) Post-task Survey
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