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Abstract

This paper describes the development and vali-
dation of an automated scoring model for open-
ended chatbot-based conversational speech
among English learners in the Duolingo learn-
ing app. The model strongly predicted human
ratings, produced reliable scores, and showed
concurrent validity with Duolingo English Test
speaking items, demonstrating stealth profi-
ciency assessment at scale.

1 Introduction

Automated scoring of free-form speech has grown
alongside the increasing use of open-ended speak-
ing tasks in language assessment. This scoring
has typically been applied to learners’ responses
to fixed assessment prompts (Evanini and Zech-
ner, 2019; Naismith et al., 2026), with more re-
cent efforts extending to adaptively sequenced con-
versational formats such as the Interactive Speak-
ing task in the Duolingo English Test (Park et al.,
2026). Automatic scoring of open-ended conver-
sational speech elicited outside of assessment con-
texts, however, remains largely unaddressed (Lit-
man et al., 2018; Ramanarayanan et al., 2019; McK-
night et al., 2023). Since the emergence of genera-
tive Large Language Models (LLMs), Al chatbots
for conversation practice have become widespread
(Wang et al., 2025). Al chatbots embedded in
commercial language learning apps (e.g., Babbel,
Duolingo) elicit learner speech at scale, making it a
promising target for automated scoring. Such scor-
ing could provide stealth assessment of learners’
proficiency (i.e., assessment unobtrusively embed-
ded within learning activities) without impacting
engagement with the app (Shute and Kim, 2014).
In this study, we describe the development and
validation of an automated scoring model for open-
ended chatbot-based conversational speech among
English learners in the Duolingo language learning

app.

2 Literature Review

Recent years have seen significant growth in the
automated scoring of open-ended speaking tasks in
language assessment. Research to date has focused
primarily on responses to fixed assessment prompts,
where two broad paradigms have emerged. Feature-
engineered systems extract linguistic features from
Automatic Speech Recognition (ASR) transcripts
and acoustic signals, then combine them in mod-
els trained to predict human ratings (Higgins et al.,
2011; Evanini et al., 2013; Evanini and Zechner,
2019; Naismith et al., 2026). Features typically
span subconstructs relevant to communicative com-
petence, such as fluency, pronunciation, lexis, con-
tent, grammar, and discourse coherence. End-to-
end approaches that predict speaking proficiency
directly from speech using self-supervised speech
foundation models have also been explored (Qian
et al., 2019; Banno and Matassoni, 2023; Phan
et al., 2025), and generally outperform feature-
engineered systems on benchmark datasets, though
at the cost of interpretability (Cai et al., 2025a).
More recently, multimodal LLMs have been ex-
plored for rubric-based analytic scoring (Ma et al.,
2025; Parikh et al., 2025), though questions remain
around consistency, fairness, and construct align-
ment.

These assessment paradigms have been devel-
oped primarily for monologic tasks, in which a
single speaker responds to a fixed prompt without
an interlocutor. Assessment of speech produced
in response to adaptively sequenced prompts deliv-
ered in a conversational format with an interlocutor
presents distinct challenges beyond those of mono-
logic tasks. Some key differences between speech
produced in dialogic versus monologic tasks in-
clude opening and closing the conversation, man-
aging the conversation topic and turn-taking, and
repairing misunderstandings (see Karatay and Xu,
2025 for an overview). All of these activities place
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higher demands on listening, understanding, moni-
toring, and decision-making (Ahmadi and Sadeghi,
2016). Such dialogic assessment tasks have ex-
isted in human-scored contexts, such as the IELTS
Speaking test, which involves a structured face-
to-face interview with a trained examiner (Read,
2022). The DET Interactive Speaking task rep-
resents a recent effort to automate conversational
assessment: In an avatar-led adaptive conversation
with fixed turns, responses are scored in real time
to select follow-up questions (Park et al., 2026).

Scoring open-ended conversational speech in
chatbot-based language learning contexts presents
unique challenges that are not adequately ad-
dressed in the literature (Litman et al., 2018; Ra-
manarayanan et al., 2019; McKnight et al., 2023).
Unlike dialogic tasks designed for assessment, such
as the IELTS Speaking test or the DET Interactive
Speaking task, Al chatbots for conversation prac-
tice are designed for learning (Wang et al., 2025).
Automated scoring of speech during these learning
activities could provide valuable stealth assessment
of proficiency to evaluate skill level, without af-
fecting learner engagement (Shute and Kim, 2014).
Chatbots embedded in commercial language learn-
ing apps (e.g., Babbel, Duolingo) generate learner
speech on a large scale, which makes automated
scoring especially relevant.

3 The Present Study

The main purpose of this paper is to address the
need for research on scoring open-ended conver-
sational speech. This work was conducted in the
context of “Video Call”, a voice-based generative
Al chatbot embedded in the Duolingo language
learning mobile app (Duolingo Team, 2024). Video
Call simulates real-time, open-ended conversation:
An avatar greets the learner, proposes a conver-
sation topic, and engages in back-and-forth con-
versational turns with the learner. Authors (under
review) found that after being randomly assigned
to use the chatbot for four to seven weeks, learners
studying English and Spanish on Duolingo signifi-
cantly improved their speaking skills on a standard-
ized test, compared to learners who did not use the
chatbot.

This paper aimed to answer three research ques-
tions:

RQ1. Can a scoring model to assess a lan-
guage learner’s English proficiency be devel-
oped that is (a) based on theoretically motivated

speaking subconstructs, and (b) aligns with hu-
man proficiency ratings in the context of a low-
stakes Al chatbot? Answering these questions is
critical for demonstrating that the model is a valid
way to measure the intended construct (American
Educational Research Association et al., 2014), in
this case, speaking proficiency.

RQ2. Are learners’ scores from the model
highly correlated with their scores on a speaking
test consisting of DET items, when both scores
are obtained within a 2-week window? This
would provide “concurrent criterion validity,” i.e.,
concurrent evidence that the scoring model mea-
sures the same construct (speaking proficiency) as a
criterion variable (American Educational Research
Association et al., 2014). In this case, the criterion
is a speaking test consisting of items from the DET,
an established test with strong evidence of validity
and reliability (Naismith et al., 2026).

RQ3. Are consecutive model scores produced
by the same learner within a 2-week window
highly correlated? Answering this question pro-
vides evidence for “test-retest reliability” of the
scoring model over time, as independent Video
Calls are randomly equivalent and can be seen as
alternate forms of the same “test” (American Edu-
cational Research Association et al., 2014).

Below, we describe the development of the scor-
ing model to address RQ1. We then describe a
test-criterion study conducted with Duolingo app
learners to address RQ2 and RQ3.

4 Video Call Scoring Model Development

This section describes the development of an au-
tomated scorer for free-form speaking responses
produced in Video Call. We describe the scoring
pipeline, the linguistic features, and the human rat-
ing dataset used to train and evaluate the model.

4.1 Video Call Scoring Model

As described above, Video Call is a conversational
speaking feature embedded in the Duolingo lan-
guage learning app. Technically, the feature is
powered by an LLLM for response generation, and
learner speech is transcribed using the user client’s
on-device ASR engine. The automated scorer pre-
dicts a holistic proficiency rating from a learner’s
free-form speaking response in a Video Call ses-
sion. For each session, audio and transcripts are ex-
tracted across all conversational turns and concate-
nated into a single response representation, from
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which linguistically grounded features are com-
puted along six dimensions described below.

Content features target aspects of task achieve-
ment, especially the degree of development or elab-
oration in the learner’s response. We approximate
this using response length (word, sentence, and
character counts), which serves as a simple proxy
for how fully a response is developed, but does not
directly capture topical relevance.

Discourse Coherence features measure the orga-
nization and cohesion of the response, operational-
ized through three complementary sets of measures
(McNamara and Graesser, 2011). Lexical cohesion
captures word overlap across sentence pairs along
two dimensions: the type of overlap (ranging from
exact noun overlap to broader stem and content
word overlap) and the scope of comparison (rang-
ing from adjacent to non-adjacent sentence pairs),
yielding eight features in total. Semantic cohesion
is assessed using Latent Semantic Analysis (LSA)
(Landauer et al., 2007), computed as the mean and
standard deviation of cosine similarities between
sentence-pair representations. Referential cohesion
is assessed through coreference overlap, measuring
the proportion of pronouns in each sentence that re-
fer to entities introduced in the preceding sentence,
averaged over consecutive and all sentence pairs.

Lexis features capture the range and accuracy
of the learner’s vocabulary use, operationalized
through four feature sets. Differential Use (DU)
features (Attali, 2011) capture lexicogrammatical
patterns distinguishing high- from low-proficiency
learners via log odds from n-gram models trained
on learner corpora. Lexical diversity is measured
using the Measure of Textual Lexical Diversity
(MTLD; McCarthy and Jarvis, 2010). Vocabulary
sophistication is assessed through the proportion of
words at each Common European Framework of
Reference (CEFR; Council of Europe, 2020) level
(A2-C2) mapped via an internal dictionary (Xia
et al., 2016). A vocabulary control measure evalu-
ates contextual appropriateness of word use via the
log-ratio of trigram to unigram probabilities from
learner reference corpora (Crossley et al., 2012).

Grammar features measure the complexity and
accuracy of the learner’s grammatical production,
operationalized through four sets of features. Gram-
matical accuracy is captured through error rates
across 52 error types, detected using a grammat-
ical error correction model (Liu et al., 2020) and
classified with ERRANT (Bryant et al., 2017). Fol-
lowing the same approach as the lexical DU fea-

tures (Attali, 2011), n-gram models over part-of-
speech sequences and dependency-based represen-
tations capture shallow and syntactic grammatical
patterns distinguishing high- from low-proficiency
learners. Grammatical complexity is approximated
through dependency tree depth and mean sentence
length (Schwarm and Ostendorf, 2005). Mean
word length is included as an additional proxy
for morphological complexity (Attali and Burstein,
2004).

Fluency features are derived from ASR times-
tamps and capture how naturally and continuously
the learner maintains speech. We operationalized
fluency through three sets of features. Speech rate
is measured at both the overall and effective (pause
excluded) levels in words and syllables per second
(Yan et al., 2025). Pause-based features charac-
terize disfluency patterns through the frequency,
duration, and variability of inter-phoneme, inter-
clause, and within-clause pauses (Yan et al., 2025).
Additionally, an end-to-end neural sequence flu-
ency model provides a holistic estimate derived
directly from the speech signal, trained on an inter-
nal corpus with human fluency ratings and achiev-
ing correlations with human ratings comparable to
inter-rater agreement levels.

Pronunciation features assess the intelligibility
of the learner’s speech. A single comprehensive
pronunciation score, produced by a deep neural net-
work (DNN)-based pronunciation scoring model
(Liu et al., 2023; Cai et al., 2025b), is used to as-
sess overall phonological control, sound articula-
tion, and prosodic features. The model was trained
on an internal speech corpus with human ratings
of pronunciation across CEFR-aligned linguistic
competence scales, achieving correlations with hu-
man ratings comparable to inter-human agreement
levels (Cai et al., 2025b).

In total, 117 numerical features are extracted
across these six dimensions. Scoring follows a hi-
erarchical structure: For each dimension, a regres-
sion model is trained to aggregate its correspond-
ing features into a subconstruct-level score. A final
regression model is then applied across the six sub-
construct scores to produce a holistic proficiency
estimate for the session. All regression models are
trained on a human rating dataset described in the
following section using 5-fold cross-validation. '

'In 5-fold cross-validation, the dataset is split into 5 equal
partitions. In each of 5 rounds, 4 partitions are used for train-
ing and the remaining 1 is held out for evaluation. Each
session is evaluated once, always on a fold it was never trained
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This scoring model shares the same subcon-
structs as the Duo Speaking Scorer used by the
DET, but is distinct in its features and training data
(Naismith et al., 2026).

4.2 Human Rating Dataset

To train and evaluate the automated scorer, we
constructed a human-rated dataset of conversation
recordings from Video Call. We sampled 834 ses-
sions from production data, stratified across course
sections aligned to CEFR proficiency levels in the
Duolingo app, to ensure broad coverage of profi-
ciency from Al to B2. To mitigate first-language
(L1)-specific bias, we used each learner’s user inter-
face (UI) language as a proxy for L1, and sampled
as evenly as possible across represented L1 groups.

We developed a task-specific rating rubric
grounded in the CEFR framework, covering nine
proficiency levels (Pre-Al, Al, Al+, A2, A2+, B1,
B1+, B2, B2+, with numerical scores from 1 to
9)2. Each level is described along seven dimen-
sions: content, discourse coherence, vocabulary
(range and accuracy), grammar (complexity and
accuracy), fluency, pronunciation, and interactional
competence (ability to sustain and manage the con-
versational exchange). In this way, the rubric en-
sured coverage of the overall speaking proficiency
construct.

Four internal raters with a linguistics background
scored all 834 sessions independently using the
rubric. Two raters initially piloted the rubric, result-
ing in only minor wording changes. All four raters
calibrated initially on 20 sessions, and subsequent
calibration meetings took place after every 100 ses-
sions. A randomly selected 20% subsample (168
sessions) was rated by at least two raters. Inter-
rater reliability was high: exact agreement was
.65, adjacent agreement (within one rating point)
was .95, Quadratic Weighted Kappa (QWK) was
.95, and Pearson r was .95. These values indi-
cate strong consistency among raters across the
nine-point scale. Of the 834 rated sessions, 116
were excluded due to system errors, poor audio
quality, insufficient response sample, or non-target-
language speech, yielding a final dataset of 718
usable sessions.

on. The reported performance is the average across those 5
held-out folds.
2Rating rubric is available upon request.
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Figure 1: Distribution of automated scorer predictions
by human rating category. Each box represents the
interquartile range (IQR) of predicted scores for sessions
assigned a given CEFR label by human raters; whiskers
extend to 1.5 xIQR, and outliers are shown as individual
points. Sample sizes per category are shown on the
Z-axis.

4.3 Model Performance

To evaluate the automated scorer’s ability to predict
human judgments of speaking proficiency, we ex-
amined the correlation between model predictions
and human ratings using 5-fold cross-validation.
Model predictions were strongly correlated with
human ratings (Pearson » = .84 + .02; Spearman
p = .83 £ .03), approaching the inter-rater reliabil-
ity ceiling of r = .95.

Figure 1 shows the distribution of model-
predicted scores grouped by human rating category.
Data points are drawn from the full dataset, aggre-
gated across all five evaluation folds of the cross-
validation, such that each session is represented
exactly once using its held-out fold prediction. Pre-
dicted scores increase monotonically across CEFR
levels from Pre-Al through B2+, with median pre-
dicted scores rising consistently across levels.

5 Test Criterion Study

While the cross-validation results confirm that the
model captures the construct as operationalized by
human raters, they do not establish whether scores
carry meaning beyond the training context. To ad-
dress this question, this section describes a study
conducted to evaluate the concurrent criterion va-
lidity and test-retest reliability of proficiency scores
produced by the model. We investigated correla-
tions between the model’s scores and scores on
speaking items from the DET in the same group
of Duolingo app learners, as well as correlations
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Figure 2: Speaking test scores plotted against Video Call
scores with fitted regression line and 95% confidence
interval (N = 310, p = .81).

between the model’s scores from two consecutive
Video Calls made by a subset of these learners.

5.1 Methods

5.1.1 Participants and Procedure

We invited 6251 learners studying at Al to B2
CEFR proficiency levels in Duolingo English
courses for German, Japanese, and Russian speak-
ers to check their eligibility for participation in the
study. These learners had access to Video Call
through a paid subscription and had used it in the
last 24 hours, indicating that they were active users
of the feature. They had never taken the DET or the
DET practice test to avoid potential prior exposure
to items on the speaking test in this study.

Of these learners, 473 confirmed their age as 18
years or older, and were invited to take the speaking
test and complete a Video Call in the Duolingo app
within one week.

5.1.2 Speaking test

This 15-minute test consisted of four speaking
items drawn from the DET practice test, which had
previously appeared on the DET. They included
speaking responses to written prompts (“Read, then
Speak” and “Speaking Sample” items), describing
an image prompt (“Speak about the Photo” item),
and speaking in response to an auditorily presented
prompt (“Listen, then Speak” item) (Naismith et al.,
2026). Items appeared in the learner’s Ul language
(German, Japanese, or Russian). Internal consis-
tency reliability of the test was high (Cronbach’s
alpha = .96, Confidence Interval [.95, .96)).

Table 1: Correlations of speaking test scores with Video
Call scores across course sections (N = 310).

g:(iiii CEFR N Spearman p D

0,1,2 Al 31 7 < .001
3 A2 77 .82 < .001
4 B1.1 36 .83 < .001
5 B1.2 81 78 < .001
6 B2.1 59 73 < .001
7 B22 26 .69 < .001

Table 2: Correlations of speaking test scores with Video
Call scores across Ul language groups.

Ul language N  Spearman p D
German 100 .75 < .001
Japanese 161 71 < .001

5.1.3 Data Analysis

Participants’ responses to individual items on the
speaking test were scored using the Duo speaking
grader (Naismith et al., 2026), which outputs nor-
malized scores on a standard normal scale, with
most values falling in the range of —4 to 4. Partici-
pants’ full speaking test scores were the average of
the four speaking test item scores.

Participants’ Video Calls were scored using the
model described above, which also outputs normal-
ized scores with most values falling in the range of
—4 to 4. For the purposes of establishing concur-
rent criterion validity, we only analyzed scores of
Video Calls that participants completed within 14
days of taking the speaking test.

We calculated Spearman’s rho correlations be-
tween participants’ speaking test scores and Video
Call scores, as well as between consecutive Video
Call scores of participants who made at least two
calls within 14 days of taking the speaking test.

5.2 Results
5.2.1 Concurrent Criterion Validity

There were 310 learners who completed at least
one scored Video Call within 14 days of taking
the speaking test. The correlation between Video
Call scores and speaking test scores was strong,
positive, and significant, both overall (Spearman
p = .81, p < .001; see Figure 2) and within course
sections (see Table 1), as well as within UI lan-
guage groups (see Table 2). We did not calculate
the correlation for the Russian UI language group,
which had fewer than 100 learners, as correlation
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Figure 3: Learners’ first and second Video Call scores
with fitted regression line and 95% confidence interval
(N =210, p = .82).

coefficients can be unstable for such small sample
sizes (Schonbrodt and Perugini, 2013). Collec-
tively, these results provide evidence of concurrent
criterion validity, showing that the scoring model
accurately estimated participants’ speaking profi-
ciency.

5.2.2 Test-Retest Reliability

There were 210 learners who completed at least
two scored Video Calls within 14 days of taking
the speaking test. The correlation between the two
Video Call scores was strong, positive, and signif-
icant, both overall (Spearman p = .82, p < .001;
see Figure 3) and for the Japanese UI language
group, which had more than 100 learners (Spear-
man p = .71, p < .001), suggesting that the model
produced reliable scores.

6 General Discussion

The primary purpose of this paper was to describe
the development of a model for scoring open-ended
conversational speech in English. As with any
assessment of speech, whether by humans or an
automated scorer, it is also necessary to ensure
the reliability, validity, and fairness of the models’
scores (Zechner and Evanini, 2020; Williamson
et al., 2012). Specifically, this paper investigated
three research questions described in Section 3.
Addressing RQ1, we found that the automated
scorer achieved strong agreement with human
raters (Pearson r = .84, Spearman p = .83),
approaching the inter-rater reliability ceiling of
r = .95. The human-machine agreement achieved
by the scorer is broadly comparable to that re-
ported for feature-engineered systems applied to

prompted speaking tasks in high-stakes tests, which
typically falls in the range of .70 — .85 (Educa-
tional Testing Service, 2025; Naismith et al., 2026).
Even though human scores and machine scores
are naturally derived through different means, here
the machine scores still reflect a comprehensive
model of the speaking construct and relevant sub-
constructs. This outcome was achieved because of
the model’s research-backed features, motivated by
a pre-defined construct, and its training on expert
human ratings, which were based on a carefully
piloted CEFR-based rubric.

We also found that model scores based on
Duolingo app learners’ Video Calls were signif-
icantly correlated with the same learners’ scores
on an independent speaking test with items from
the DET (Naismith et al., 2026), providing initial
evidence for the model’s concurrent criterion va-
lidity to address RQ2. Furthermore, model scores
from consecutive Video Calls made by a subset
of these learners were also significantly correlated,
providing initial evidence for the model’s test-retest
reliability and addressing RQ3.

Collectively, these results provide a proof of con-
cept for scoring open-ended conversational speech
from a generative Al chatbot in a mobile language
learning app, and anchor the scoring model in rigor-
ous measurement science (American Educational
Research Association et al., 2014). Critically, the
Duolingo app and others like it are low-stakes in
nature. Much of the research on assessing speech
is in high-stakes contexts where learners are pre-
dominantly motivated to give their maximum effort,
where audio quality is often checked and consistent,
and where responses are not tied to specific curric-
ular content. These results signal the value of using
automated scoring for assessment in a low-stakes
language learning app. Moreover, given the wide
prevalence of generative Al chatbots in language
learning (Wang et al., 2025), these results have sig-
nificant practical implications. This type of model
could support stealth assessment without impact-
ing learners’ engagement (Shute and Kim, 2014),
and scores from the model could also be used as
formative assessment to enhance personalization
of instruction. These benefits may be especially
important in the context of large-scale language
learning apps, where learner engagement is key to
retention and learning.
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6.1 Limitations

The scoring model has several limitations. First,
content features rely on response length as a proxy
for elaboration, and do not capture topical rele-
vance to the conversational exchange. Second, the
model does not assess interactional competence.
By concatenating all learner turns into a single re-
sponse representation, it discards the turn-by-turn
structure of the conversation, despite interactional
competence being a component of the human rat-
ing rubric. Third, text-based features, which un-
derlie four of the six subconstructs, are derived
from on-device ASR transcripts of variable accu-
racy. ASR errors propagate into grammar, lexis,
and coherence features and may vary systemati-
cally across proficiency levels and L1 groups, in-
troducing construct-irrelevant variance. Fourth, the
training dataset of 718 sessions is relatively small
and skewed toward intermediate proficiency levels,
which may limit score precision at the extremes
of the scale. Finally, fairness was not formally
evaluated: The extent to which scores may vary
systematically across L1 groups or demographic
subpopulations beyond what is attributable to pro-
ficiency differences remains unknown.

The test criterion study also has limitations. Al-
though the speaking test consisted of items drawn
from the DET, we did not conduct a detailed psy-
chometric analysis of the 4-item test. Future re-
search should validate the model’s scores with
more comprehensive tests.

7 Conclusion

This study presents a proof of concept for auto-
mated scoring of open-ended conversational speech
produced in a generative Al chatbot embedded in
the Duolingo language learning app. A feature-
engineered scorer extracting 117 linguistically
grounded features across six subconstructs was de-
veloped. The scorer achieved strong agreement
with human raters, approaching the inter-rater reli-
ability ceiling. Evidence of concurrent criterion va-
lidity with speaking items from an independent val-
idated test (the DET) demonstrated that the scorer
estimates learner speaking proficiency accurately
from naturalistic chatbot interactions without dis-
rupting the learning experience. Highly correlated
scores from consecutive, independent chatbot inter-
actions also provided initial evidence of the scorer’s
test-retest reliability. As generative Al chatbots be-
come increasingly prevalent in language learning

contexts, automated scoring of this kind offers a
practical pathway to formative stealth proficiency
assessment at scale. Future work should investi-
gate how this scoring model can be used to improve
app learners’ placement, progress monitoring, and
personalization of learning experiences.
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