Scoring Writing & Speaking on the
Duolingo English Test Duclingo Rescarch Report DRR-26-08

September 22, 2026 (51 pages)

Nitin Madnani, Phoebe Mulcaire, and Danwei Cai
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safeguards applied for responses produced in bad faith.
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Scoring Writing & Speaking on the DET 3

The Duolingo English Test (DET) is a computerized-adaptive, high-stakes English language proficiency
assessment with the primary purpose of informing admissions decisions at English-medium universities
(Naismith et al., ). The DET assesses the four language skills of speaking, writing, reading, and listening
and is aligned to the proficiency levels of the Common European Framework of Reference for Languages (CEFR;
Council of Europe, , ).

The DET is a digital-first assessment, meaning that it is designed for a digital environment from the start. As
such, the DET uses machine learning technology and a human-in-the-loop Al approach throughout all test
development, test scoring, and security processes. In this paper, we focus on one of these processes: the
automated scoring of writing and speaking responses. Specifically, we describe how our approach to automated
scoring is construct-driven and anchored in human expertise, retaining human control over what the systems
measure and the ability to verify that the resulting scores reflect the intended construct. This allows the DET
to score open-ended responses at scale without sacrificing the rigor expected of a high-stakes assessment.

The writing construct as measured by the DET is defined as the capacity to produce clear, well-organized,
and appropriately complex written English across a range of purposes and audiences (Goodwin et al., ).
This includes staying on topic, developing and organizing ideas, and using a range of accurate grammar
structures and vocabulary. The DET defines the speaking construct as the capacity to speak clearly, fluently,
and appropriately in English for academic and everyday situations (Park et al., ). The measurement of
this construct from spoken responses focuses on their fluency, range of accurate grammar structures and
vocabulary, logical structure of ideas, and intelligibility rather than on having a native-like or standard English
accent. Each construct is measured through four open-ended task types whose responses are produced under
time limits and scored automatically.

The remainder of this paper is organized as follows. §2 briefly introduces a few key types of automated
scoring systems and the considerations that distinguish them. §3 describes the DET’s approach to automated
scoring at a high level. §4 and §5 then detail how writing and speaking responses are scored respectively,
covering the constructs measured, the tasks used, the features used, and validity evidence showing how well
our automated scores agree with expert human ratings and with scores from |IELTS and TOEFL. §6 describes the
governance, fairness, and human-oversight practices that surround our scoring systems, and §7 concludes.
Three appendices provide supporting detail on the human rating process (Appendix A), the full catalog of
scoring features (Appendix B), and the safeguards designed to catch bad-faith responses (Appendix C).
Throughout the paper, technical notes set off from the main text provide implementation details for readers
with a technical background; they can be skipped without loss of continuity.

Automated scoring refers to the use of computer systems to evaluate and assign scores to test-taker
responses (Beigman Klebanov & Madnani, ). Such systems have a long history in educational assessment,
beginning with straightforward rule-based systems and evolving alongside advances in computing. An
automated scoring system takes a response as input—whether typed text or recorded speech—and produces
a score as output. Automated scoring systems can vary considerably, depending on the underlying approach
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used. In subsequent subsections, we provide a high-level description of the most commonly used approaches.
In brief:

» Rule-based systems apply explicit rules written by human experts (§2.1)

» Machine learning (ML) systems learn from data how to combine measurable properties of a response
that human experts have defined (§2.2)

» Deep learning (DL) systems learn their own internal representations directly from data, without human-
defined properties (§2.3)

 Hybrid systems combine two or more of these approaches (§2.4)

Irrespective of the underlying approach, automated scoring systems generally share the following goal: to
assign a response the score that a qualified human expert would have assigned it. Expert human ratings are,
therefore, central to automated scoring, both as the target that such systems are built to reproduce and as the
benchmark against which their performance is judged. How closely an automated system’s scores agree with
expert human ratings is consequently the most direct evidence of how well it works.

However, agreement with human ratings—or human-machine agreement—is not the same as construct
validity, i.e., whether the system actually measures the intended construct well. A system can reproduce expert
scores closely while doing so on the basis of properties that have little to do with language proficiency—raw
response length, say, or superficial features that happen to correlate with proficiency in the responses that were
used to build the system. Establishing that a system measures what it is meant to measure requires more than
just high human-machine agreement; it requires:

1. Control: being able to constrain in advance which properties of a response the system should use in
determining the score, how they should be measured, and how much influence any one of them can have
on the score.

2. Verifiability: being able to determine which properties the system actually uses to produce a given
score, whether it behaves equitably across groups of test takers, whether it generalizes to responses
unlike those used to build it, and whether it can be gamed.

These two considerations determine whether scores are valid, which is what matters for a high-stakes
assessment. A secondary consideration for automated scoring systems is whether the scores can be
explained to non-technical audiences without any specialized analysis. Some system designs may provide this
affordance as a side benefit.

The simplest automated scoring systems are rule-based: human experts define explicit rules (e.g., “deduct a
pointif the response contains fewer than 50 words”) and the system applies them mechanically. These systems
afford complete control and verifiability: every property the system uses, how it is measured, and how much it
influences the score are specified by hand. Their limitation is coverage: any manually created set of rules can
only cover a fraction of the criteria that characterize proficient written and spoken English.

Systems a step above rule-based systems are feature-based machine learning (ML) systems (henceforth ML
systems). In this approach, experts first identify measurable, construct-relevant properties of a response (e.g.,
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content, vocabulary diversity, grammatical accuracy, or discourse coherence) and encode them as numerical
features. For example, a simple feature representing vocabulary diversity (i.e., how much variety a test taker
demonstrates in their word choice) may be encoded as the ratio of the number of unique words in the response
to its total length in words, such that a response repeating the same few words receives a lower value than
one drawing on a wider range. The defined features are then extracted for a large set of test-taker responses
that have been holistically rated by human experts, i.e., assigned a single score reflecting the quality of the
response as a whole rather than separate scores for individual aspects. An ML algorithm is then used to learn
how to weight and combine the features to predict the experts’ holistic ratings on this data.

In ML systems, features are defined and interpreted by human experts, and the system’s role is solely to learn
the optimal combination of features via a mathematical function. Since the features are selected and defined
by hand, control over which properties are used and how they are measured remains with human experts; what
is learned is how those properties are combined. The simplest such function is a weighted sum, analogous
to an overall course grade being computed from its components, e.g., homework average counting for 20%, a
midterm counting for 30%, and a final exam counting for 50%. In this case, the contribution of each feature
(component) to the final score (course grade) is fixed and easy to describe: it is simply the feature’s weight.
More complex functions can capture subtler interactions among features and often agree more closely with
human ratings, but the effect of a change in any one feature then depends on the values of the others, so its
contribution must be determined empirically rather than read off in advance. In short, the complexity of the
combination function determines how much control remains over the influence of any individual feature, and
how readily that influence can be verified.

Athird category of automated scoring systems uses deep learning, a family of machine learning methods based
on “deep” neural networks, i.e., with many layers of computation. These include large language models (LLMs)
such as those powering generative Al tools like ChatGPT (OpenAl, ). Where ML systems use complex
functions to combine human-defined features, deep learning systems go a step further: they operate directly
on raw text or audio without requiring human-defined features at all, instead learning their own internal
representations of what matters in a response. For example, an end-to-end deep-learning automated scoring
system can be trained to simply take a written or spoken response as input and produce a holistic score as
output.

This may seem attractive due to reduced human effort and increased flexibility, but it cedes both control
and verifiability. There are no human-defined properties to constrain: the system determines for itself what
aspects of the response to use, and nothing limits how much any of it influences the score. This does not
necessarily mean that such a system measures the construct poorly; in fact, it may well capture aspects of
proficiency that hand-designed features miss. The difficulty is that this cannot be easily verified. While there is
active research on explaining the behavior of deep learning models (Zhao et al,, ), it remains substantially
harder than with feature-based systems to determine why a particular score was assigned, or to verify that the
score reflects the intended construct rather than spurious patterns in the data.

*The design of such features draws on a substantial body of work in automated scoring and computational linguistics; see Shermis and
Burstein ( ) and Beigman Klebanov and Madnani ( ) for overviews covering written responses, and Zechner and Evanini ( ) for
spoken responses.
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While there are several examples of automated scoring systems employing solely rules, ML methods, or DL
technology, there also exist hybrid systems that can combine these approaches (for a related overview, see
Williamson, ). For example, an assessment developer may combine a rule-based component with an ML
scoring system as follows: predefined rules assign the lowest possible score to non-English responses, while
responses that pass this check go on to be scored by the ML system.

A second kind of hybrid system might be one that uses deep learning technology such as LLMs to produce a
targeted measurement of a single, well-specified dimension of a response (e.g., how coherent the response
is, or how clearly it is pronounced), and then incorporates that measurement as an individual feature in an
ML scoring system. Here, the deep learning technology is used differently than in the end-to-end system we
described previously. Itis not being asked to fully judge the response on its own; instead, human experts decide
what it should measure—a single property such as coherence—and train and validate it against expert human
ratings of precisely that dimension. The component’s internal workings remain opaque, as in any deep learning
system, but its role is much more targeted: it makes a specific (not holistic) judgment about one property of
the response, and its output is just one of many features the ML system combines to produce a score. This
hybrid approach lets assessment developers take advantage of the strengths of deep learning technology
while retaining control and verifiability: human experts decide what the deep learning component measures, its
output is validated against human ratings of precisely that property, and its influence on the score is bounded
by the ML framework used.

The four approaches to automated scoring described in the previous subsections differ in how much of the
scoring process is specified by human experts and how much is learned from data. Moving from rule-based
to end-to-end deep learning systems, progressively more is learned. This tends to increase agreement with
human ratings, since the system can use whatever information in a response turns out to be predictive. For
the same reason, it also reduces control and verifiability. Hybrid systems do not occupy a single point along
this continuum: they combine components from the different approaches, and the amount of control retained
depends on which components are learned and how the components are combined. Figure 1 summarizes the
approaches and their ordering.

The automated systems employed to score DET written and spoken responses—the Duo Writing Scorer and
the Duo Speaking Scorer, respectively—are hybrid scoring systems, combining both types described in §
and shown in Figure 1. They use ML models, with deep learning technology contributing some of the features
and a rule-based component applied on top of the ML scores to handle bad-faith responses (see §4.2 and
Appendix C). We provide additional high-level details about the systems here and delve deeper into them in
subsequent sections. The process of creating and using DET automated scoring models is as follows:

1. Defining subconstructs — Our approach to automated scoring begins with construct definitions
grounded in language assessment theory (Goodwin et al., ; Park etal,, ). We then break down
the speaking and writing constructs into relevant subconstructs, i.e., distinct, theoretically grounded
components of the construct that capture a specific dimension of speaking or writing proficiency. For
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More specified by human experts More learned from data

>

End-to-end deep

Rule-based Machine Learning (ML) I . DL t
systems systems earning (DL) systems
Human-written rules Experts define the features; No explicit features; the
determine the score the model learns how to model learns its own internal
direct| Ty representations from raw
y text or audio
Hybrid (Rules + ML) Hybrid (ML + DL)
Predefined rules handle certain cases Deep learning models produce targeted
directly, e.g., assigning the lowest score measurements of single, well-defified,
to non-English responses while an ML dimensions used as individual features
system scores the rest within an ML system

Figure 1. Three commonly used types of automated scoring systems (top) and two common ways they can be combined
(bottom), ordered by how much of the scoring process is learned from data rather than specified by human experts. §2.5
describes what this ordering implies for human-machine agreement and for control and verifiability.

writing, we use four subconstructs: content, discourse coherence, lexis, and grammar. For speaking,
we use the same four along with fluency and pronunciation as two additional subconstructs. These
subconstructs are consistent with the dimensions assessed by other major automated scoring systems
for writing (Quinlan et al., 2009; Lottridge et al., 2020, p. 6) and speaking (L. Chen et al., 2018; Zechner &
Evanini, 2019), which converge on a similar set despite differences in terminology and grouping.

2. Selecting & computing features — For each subconstruct, experts select a set of measurable properties
that, according to prior research, provide evidence of proficiency in that subconstruct. We then write
computer programs to compute a numerical feature representing each such property. The choice of
which features operationalize a subconstruct is itself a human decision, grounded in theory: a feature
is included because it has a clear rationale linking it to the dimension of proficiency the subconstruct
represents. For example, a potential feature for the content subconstruct might be the number of unique
words in the response that are not shared with the prompt, a simplistic measure of how much new
content the response contains, indicative of how well the response develops its ideas. Some features
are computed using deep learning technology such as LLMs, but with a targeted scope as described in
§2.4. Appendix B describes the full set of features used by the DET automated scoring systems, along
with the relevant research citations.

3. Training models — Once we have programmed all of the features, we compute the entire set of features
for a set of writing or speaking responses that have been scored by human experts (training data).
These responses are drawn from a representative sample of the DET test-taker population and rated
by qualified experts under ongoing quality control (§6 and Appendix A describe the composition of the
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training data and human rating process in more detail). Next, we use ML techniques to build a model
that produces automated scores aligned to the human experts’ scores. In essence, this trained model is
a mathematical function that defines how the features should be weighted and combined so as to align
as closely as possible with the human expert scores, which serve as the primary learning target.

4. Evaluating models — The model is then evaluated to ensure the quality and fairness of the scores it
produces. This includes:

(a) examining whether the features associated with each subconstruct relate to each other as
expected,

(b) evaluating the trained model’s predictive accuracy on human-rated response data that was not
in the training data (i.e., held out) to confirm that the model can generalize beyond the specific
responses it learned from,

(c) examining correlations of the model’s scores with external measures of English proficiency, such
as IELTS and TOEFL scores, and

(d) analyzing subgroup differences to verify that construct-irrelevant factors (e.g., gender, first
language, or operating system) do not have any significant impact on the produced scores.

5. Finalizing & deploying models — At this point, the model is “frozen,” meaning the feature computations
and the mathematical function for combining them, learned during the training phase, are both fixed.
This frozen model is then deployed for operational use: new writing and speaking responses submitted
by test takers are analyzed to extract the same set of features as in step 3, which are then combined
by the deployed model to produce the score. Any further changes to the features or the model can only
happen through additional rounds of the human-governed training and evaluation process described
above. In practice, this happens periodically as we identify parts of subconstructs that are under-covered
and develop new features (or improve existing ones) to measure them better.

Figure 2 provides a summary of the steps in the DET automated scoring model development and deployment
process as described above. Note that every component used in this process is defined, reviewed, and validated
by human experts before it is ever deployed on the test. This includes the constructs being measured, the
features that operationalize them, and the model that combines them. This is part of the DET’s human-in-
the-loop Al approach to automated scoring (Mosqueira-Rey et al., ; Munro, ); see Figure 22 of the DET
technical manual (Naismith et al., ) for a visual overview of this approach.

Itis equally important to be clear about what the DET does not do. Our scoring systems do not use deep learning
technology, LLMs, or generative Al tools to make holistic judgments about overall response quality. We do not,
for example, prompt ChatGPT to “rate this essay” and treat its output as the score. While we do make targeted
use of some deep learning/LLM-based features within our ML scoring system (see §2.4 and Appendix B), every
such feature is trained on and validated against human expert ratings of a specific, well-defined subconstruct.
Additionally, such features are only a few among many others that feed into the scoring system. Every feature
used in our models has a clear theoretical motivation tied to the construct being measured, and the behavior of
the overall model can be examined and audited. This construct-driven, human-governed design is a deliberate
choice: it ensures that scores are grounded in the principles of language assessment rather than the often
unverifiable behavior of LLMs.

© 2026 Duolingo, Inc



Scoring Writing & Speaking on the DET 9

1. Defining subconstructs
Decompose speaking and writing

Y

( N
2. Selecting & computing features [« --4
@1
Indices per subconstruct ‘c":J :
21
cl
g1
P v . 8 :
Human-scored 3. Training models ol
o > i
training set Fit features to human scores g1
A& J |
ol
'l6 1
) v B!
. . . o !
Human-scored 4. Evaluating model quality & fairness § :
evaluation set Check accuracy & sub-group differences 31
2i
3 1
( Y N E':
I
5. Finalizing & deploying models T

Freeze model & launch for operational use

- J

|

Model frozen and deployed

‘ Frozen feature pipeline H Frozen model ’

A

Y

‘ New test-taker response ’ Score

Figure 2. A high-level depiction of the general DET automated scoring model development and deployment process.

4 Scoring Writing Responses

The DET defines writing ability as the capacity to produce clear, well-organized, and appropriately complex
written English across a range of purposes and audiences. This definition is grounded in the CEFR, with written
production ranging from simple, formulaic texts at the Al level to sophisticated, well-structured prose at the
C2 level. The DET’s writing construct also draws on sociocognitive frameworks (Mislevy, 2018; Weir, 2005)
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and research on second language writing development (Goodwin et al., ). These frameworks recognize
that performance on a writing task reflects not just writing ability but also related skills such as reading and
pragmatic competence, general capacities such as critical thinking and content knowledge, and factors such
as a test taker’s confidence or familiarity with the test format.

To assess this construct, the DET includes four writing task types: Interactive Writing, Write About the Photo,
Interactive Listening (Summarization), and Writing Sample, described in Table 1. Each task is designed to elicit
written responses that provide evidence of proficiency across different communicative contexts and purposes.

Table 1. Writing task types on the DET.

Task Type What test takers do Time limit

Interactive Writing Test takers respond to a written prompt asking them to describe 5 minutes (initial
something, recount an experience, or argue a point of view. They response) + 3 minutes
then receive a follow-up prompt targeting themes their initial (follow-up)

response did not fully address, encouraging further elaboration.

Write About the Photo Test takers write a description of an image. Images depict people, 60 seconds
animals, and objects in a wide range of contexts and are designed
to give test takers the opportunity to use varied vocabulary and
grammatical structures.

Interactive Listening Following a multi-turn conversation set in a university context, test 75 seconds
(Summarization) takers compose a written summary of the conversation.
Writing Sample Test takers write an extended response to a prompt asking themto 5 minutes

describe something, recount an experience, or argue a point of
view. The response is shared with institutions alongside the test
score.

The DET’s automated scoring approach to writing operationalizes the construct through four subconstructs,
each of which comprises finer-grained dimensions:

1. Content: The response is relevant to the task and develops its ideas substantively. Dimensions include
task achievement, relevance, effect on the reader, appropriateness of style, and development.

2. Discourse coherence: The response is clearly structured and its ideas progress logically. Dimensions
include clarity, cohesion, structure, progression of ideas, and appropriateness of format.

3. Lexis: Theresponse draws on arange of vocabulary and uses it accurately and appropriately. Dimensions
include lexical diversity, lexical sophistication, word choice, word formation, and error severity.

4. Grammar: The response uses a range of grammatical structures accurately and appropriately.
Dimensions include range of grammatical structures, grammatical complexity, spelling, error frequency,
error severity, and appropriateness.
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These subconstructs are defined by , which are aligned with CEFR descriptors,
informed by relevant research (Goodwin et al., ), and reflect common elements shared with other
established language proficiency assessments. The rubrics specify what characterizes performance at each
proficiency level for each subconstruct, and serve as the basis for both the human ratings used to train the
models and for the features designed to capture each dimension of writing quality. Appendix A provides a more
comprehensive description of the human rating process.

The four subconstructs are operationalized through 90 carefully chosen numerical features drawn from the
field of automated writing evaluation (AWE) using methods based on natural language processing (NLP) and
computational linguistics (CL). Before features are extracted, responses are first preprocessed. At a high level,
this includes identifying constituent parts (individual sentences and words) and labeling the identified words
with their grammatical roles (verb, noun, adjective, etc.).

Technical Note. The preprocessing applied before feature extraction specifically includes sentence
segmentation, tokenization (Jurafsky & Martin, ), and annotation with metadata such as
dependency-tree relationships, lemmas (i.e., dictionary forms of words), and parts-of-speech (de
Marneffe et al., ). Multiple tokenization schemes are used depending on the feature: some features
operate over whitespace-delimited tokens, while others use more linguistically informed tokenization,
e.g., from spaCy (Honnibal et al., ).

The features themselves span all four subconstructs. A few illustrative features for each subconstructare listed
below and shownin Figure 3, but a full list of all features with technical details and relevant citations is provided
in Appendix

* Prompt relevance: Measures how closely the meaning of the response aligns with the meaning of the
prompt.

 Unique content length: Counts the number of words and phrases the test taker produced beyond simply
repeating words or phrases from the prompt.

» Reference similarity: For the Interactive Listening (Summarization) and Write About the Photo tasks,
compares the response against high-quality reference summaries or captions to check whether key ideas
are present.

» Sentence overlap: Measures how much vocabulary is shared between consecutive sentences, which is
one indicator of whether ideas flow logically from one to the next.

» Semantic similarity between sentences: Assesses whether adjacent sentences are related in meaning,
not justin word choice.

» LLM-based coherence rating: Provides a holistic judgment of how well-organized and clearly structured
the response is, as assessed by an LLM fine-tuned on human ratings of coherence.
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Lexis features

e Vocabulary diversity: Measures the range of different words used in the response, distinguishing

genuinely varied word choice from simple repetition.

e CEFR-level word proportions: Calculates the proportion of words at each CEFR proficiency level,
capturing whether the test taker draws on more advanced vocabulary.
» Mean word length: Measures the average length of words in the response, since longer words tend to be

rarer and more advanced.

Grammar features

» Sentence complexity: Measures the length and depth of grammatical structure within sentences, as an
indicator of how varied and sophisticated the test taker’s syntax is.

e Grammatical error features: A set of features based on detecting and classifying more than 50 error
types (e.g., subject-verb agreement, article usage, and verb tense) using a proprietary error correction

system. Each error type is a separate feature.

« Differential use: Captures patterns of word and grammar usage that statistically distinguish higher-
proficiency writers from lower-proficiency writers, based on a large set of historical test-taker

responses.

Writing construct
What the DET measures

Dlscourse

Content
coherence

Grammar

Semantic similarity
between sentences

Unique content
length

CEFR-level word
proportions

Grammatical error
rates

LLM-based
coherence rating

Reference
similarity

[ Prompt relevance

|/ N -/

Camm |
==
| | |
| J |

Mean word length

1 E 1
J | J
) { |

Differential use

+ more features + more features

+ more features + more features

Figure 3. The DET writing construct, decomposed into four subconstructs, collectively operationalized through 90
carefully chosen numerical features. Three illustrative features are shown per subconstruct. See Appendix B for the full

set of features.
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4.2 Automated Scoring for Writing Tasks

To automatically score writing responses, the Duo Writing Scorer uses a separate ML model for each writing
task type since different tasks were designed to elicit different kinds of evidence about writing ability (e.g.,
picture descriptions versus dialogue summaries). For each task type, we follow the procedure outlined in §3
to train, evaluate, and deploy the scoring model. These task-specific scoring models share the same overall
design and draw on the same underlying feature set; what differs is that each model is trained on responses
to its own task type, and that a few features apply only to certain task types. For example, comparison against
reference summaries is relevant only for the Interactive Listening (Summarization) task type.

Technical Note. Each task-specific scoring model employs a two-level subconstruct-based architecture,
where the two levels refer to the successive stages of ML models that are trained: one per subconstruct,
and one that combines them.

Features grouped Level 1: Subconstruct Level 2:
by subconstruct model per subconstruct scores combining subconstruct
p ~ scores
Content | | Contentmodel | /|  Content
features (holistic human ratings) score
e |
Writing \ J
response s 2
Coherence | | Coherence model | | Coherence
jmmmm—— o features (holistic human ratings) score Lo larized
| -
| Feature | \ J i reguiarize
: extraction : - < Inear regression
_________ . . . (holistic human ratings)
Lexis _,| Lexismodel | | Lexis
features (holistic human ratings) score
N—
- g Final
( A
) score
Grammar | || Grammarmodel | ||  Grammar | |
features (proficiency proxy) score
N—
\ J

Figure 4. High-level diagram illustrating the two-level architecture of the models used to score written responses.

In the first level, features are grouped by subconstruct (content, discourse coherence, lexis, and
grammar) and a separate ML model is trained for each, using only the features assigned to that
subconstruct to produce a subconstruct score. The specific model class used at this level may vary
across subconstructs and across grader versions (e.g., linear regression, XGBoost; T. Chen and Guestrin,
2016). The content, discourse coherence, and lexis subconstruct models are trained on holistic expert
human ratings. Grammar is handled differently: since the grammar subconstruct comprises more than
50 individual error-type features, it requires more training data than the available human ratings can
provide. We therefore train the grammar subconstruct model on a proficiency proxy—an estimate
of the test taker’s proficiency derived from their performance on the receptive (reading and listening)
tasks on the test—which can be computed for a much larger pool of responses. In the second level, the
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subconstruct scores are combined into a response-level score using an L2-regularized linear regression,
also trained to predict holistic human ratings. This makes each subconstruct’s contribution to the score
directly inspectable.

This architecture provides several advantages:

1. Verifiability. Since the final combination step is a linear regression over subconstruct scores,
the weight given to each subconstruct is directly visible through the regression coefficients,
which are frozen once the model is trained. When these coefficients are multiplied by a
response’s subconstruct scores, it becomes straightforward to examine the contribution of various
subconstructs to a particular response’s score. A useful side benefit is that these contributions
are also explainable: one can say plainly how much of a response’s score came from grammar as
opposed to content, without recourse to any specialized analysis.

2. Controlover the contribution of subconstructs. The L2 regularization at the second level penalizes
large coefficients, preventing the model from overly relying on any single subconstruct. This
matters for construct validity: all four subconstructs contribute to the task score, rather than
whichever one happens to be most predictive in the training data. Across writing task types, every
subconstruct makes a meaningful contribution to the task score, and none dominates.

3. Robustness. The architecture provides a natural form of dimensionality reduction: rather than
fitting a single model over the full feature space, the final regression operates over only the
subconstruct scores, reducing the risk of overfitting to the responses in the training data.

4. Control over the influence of deep learning technology. Since features are partitioned by
subconstruct, a feature derived from a deep learning technology such as an LLM can influence
the final score only through the single subconstruct it is assigned to. Within that subconstruct,
it competes with the features alongside it, and its total possible influence on the final score is
capped by that subconstruct’s second-level coefficient. This means that even a highly predictive
LLM signal remains one piece of evidence among many rather than becoming a de facto holistic
scorer.

Once the trained models have been deployed, they provide scores for the responses submitted for all writing
tasks on the DET. However, some written responses are produced in bad faith rather than as genuine attempts
at the task: they may be off-topic, written in a language other than English, unintelligible or incoherent, largely
devoid of substantive content, or composed almost entirely of generic filler phrases. Since such responses are
rarely seen in the training data and may still exhibit some surface characteristics associated with good-faith
writing—e.g., reasonable length, varied vocabulary, and well-formed sentences—the ML models on their own
may not assign them a sufficiently low score. Therefore, we apply a set of penalties on top of the model scores,
each of which caps the score a response can receive. Some penalties are applied automatically, while others
are raised as signals for the human proctor reviewing the test session, who confirms or rejects them before any
adjustment is made. Appendix C describes these penalties in more detail.

A weighted average of the test taker’s response scores across writing task types produces a composite writing
score, using the weights shown in Table 2.
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Table 2. Weights used to calculate the composite writing score. Each writing response receives its own score, and the
composite is the weighted average of those scores.

Task Type Number of responses Total weight
Interactive Writing (Initial) 1 1/9

Interactive Writing (Follow Up) 1 1/9

Write About the Photo 3 3/9 (1/9 per response)
Interactive Listening (Summarization) 2 2/9 (1/9 per response)
Writing Sample 1 2/9

The composite writing score is then transformed into the final DET Writing score through a procedure called
scaling. The scaling procedure maps the composite score—which is on the standard normal scale—to DET’s
10-160 reported scale (in 5-point increments) using statistics derived from a large, representative sample of
test-taker performance and ensures that the DET Writing score is comparable across test forms and over time
(Nydick & Lockwood, ).

The DET Writing score is validated against multiple reference measures:

1. Human ratings produced by the DET's expert human raters and assigned on a six-point scale
corresponding to A1-C2 on the CEFR (see Appendix A). Agreement with human ratings is the most direct
test of whether the automated scoring captures the same construct that expert raters do.

2. Writing scores from two external English proficiency assessments, IELTS and TOEFL. Agreement with
IELTS and TOEFL writing scores provides external validation.

Table 3 shows these agreement numbers for the DET Writing score, computed via Pearson’s correlation.

Table 3. Pearson correlations between the DET Writing score and three reference measures: human ratings produced by
DET expert raters, and writing scores from IELTS and TOEFL. Sample sizes (n) are shown in parentheses.

Human Ratings  |ELTS Writing ~ TOEFL Writing

DET Writing .96 (n=350) .60 (n=1540) .72 (n=295)

Correlation values measure the strength and direction of a linear relationship between two measures and can
range from —1 to 1; negative values indicate that as one measure increases, the other one tends to decrease, 0
indicates no relationship, and positive values indicate that as one measure increases, so does the other. The DET
Writing score’s correlation of .96 with human ratings, therefore, indicates very strong agreement with expert
judgment. Correlations with IELTS and TOEFL are lower than those with human ratings, as expected: these are
different tests, measuring overlapping but not identical constructs, and using different task types and rubrics.
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A useful reference point is how closely IELTS and TOEFL writing scores agree with each other—reported at .68
(n=937) (Ikeda et al., ). The DET Writing score’s correlations with both tests fall around that figure.

Technical Note. The human ratings in Table 3 come from a full-session dataset comprising 2,800 expert
ratings: for each of 350 test sessions, all eight writing responses were rated by a single expert rater. This
makes it possible to compute a session-level human writing score using the same task weights applied
to the automated scores (Table 2). Because both measures aggregate over eight responses, each is more
reliable than a score for any single response, which is why this correlation is higher than the task-level
correlations reported later in Table

Since the DET Writing score is a composite over multiple open-ended task types, it is also worth examining
how well the automated system’s scores agree with human ratings at the task level. Table 4 shows Pearson
correlations computed over individual responses, grouped by task type, between automated writing scores and
human ratings (human-machine), alongside the corresponding correlations between two human raters on the
subset of responses that were double-rated (human-human).t The latter is useful since it serves as a good
benchmark for automated scoring performance: if an automated system agrees with an expert rater as well as
asecond expert does, then its judgments are consistently aligned with human judgments of proficiency. Across
the five scored writing response types, the human-machine agreement is close to or above the corresponding
human-human benchmark. Together with the score-level results in Table 3, this indicates that the automated
scores align with expert judgment not only in aggregate but also at the level of individual task types.

Table 4. Pearson correlations between the DET task-level automated writing scores and human ratings (human-machine)
and between two human ratings (human-human). Sample sizes (n) are shown in parentheses.

Task Type Human-machine correlation (r) Human-human correlation (r)
Interactive Writing (Initial) .90 (n=3150) 89 (n=890)

Interactive Writing (Follow Up) 88 (n=3150) 89 (n=630)

Write About the Photo 83 (n=3641) .85 (n=1217)

Interactive Listening (Summarization) .89 (n=2954) 90 (n=700)

Writing Sample 87 (n=3398) 82 (n=2307)

The DET defines speaking ability as the capacity to speak clearly, fluently, and appropriately in English for
academic and everyday situations. As with writing, this definition is grounded in the CEFR, with spoken
production ranging from simple, formulaic utterances at the Al level to sophisticated, well-structured
extended discourse at the C2 level. The DET’s speaking construct draws on the same sociocognitive frameworks
as writing, and additionally incorporates research on second language speech production, since speaking

*Note that the DET Writing score is on a different scale (10-160) than the human ratings or the IELTS and TOEFL scores, so the correlation
values reflect how similarly the measures order test takers rather than how closely the numbers themselves match.
fDouble-rating is performed on a random subset of responses as part of the rating quality control process; see Appendix A.
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involves real-time processes such as articulation, pacing, and self-monitoring that do not apply to written
responses (Park et al,, ).

To assess the speaking construct, the DET includes four different speaking task types. Three of these (Speak
About the Photo, Read, then Speak, and Speaking Sample) are monologic and require the test taker to provide
a single sustained spoken response. The fourth, Interactive Speaking, is dialogic: it requires the test taker
to participate in a simulated communicative exchange with an on-screen avatar across two topics. Because
the tasks differ in their structure, they use different scoring pipelines: the three monologic task types share a
single scoring approach (see §5.2), while Interactive Speaking is scored through a related but distinct pipeline
designed to handle its adaptive administration (see §5.3). Table 5 summarizes the four task types.

Table 5. Speaking task types on the DET.

Task Type What test takers do Time limit

Speak About the Photo Test takers give a spoken description of an image. Images depict 90 seconds
people, animals, and objects in a wide range of contexts.

Read, then Speak Test takers read a written prompt and give an extended spoken 90 seconds
response describing something, recounting an experience, or
arguing a point of view.

Speaking Sample Test takers give an extended spoken response to a prompt asking 3 minutes
them to describe something, recount an experience, or argue a
point of view. The recording is shared with institutions alongside
the test score.

Interactive Speaking Test takers participate in a multi-turn spoken conversation withan 35 seconds per
on-screen avatar across two topics. Each topic begins with an response
initial question, followed by two to three follow-up questions
selected adaptively based on real-time evaluation of the test
taker’s earlier responses. Each session contains six to eight
questions in total.

The DET’s automated scoring approach to speaking operationalizes the construct through six subconstructs.
Four of these (content, discourse coherence, lexis, and grammar) are shared with writing (see §4 for details).
The two additional subconstructs are specific to speaking:

1. Fluency: The test taker speaks smoothly and at a natural pace. Dimensions include the pace of speech,
the grouping of words into phrases, and overall smoothness of delivery.

2. Pronunciation: The test taker’s speech can be easily understood in terms of its intelligibility (how
accurately a listener recognizes the words) and comprehensibility (how much effort understanding
requires). Dimensions include individual sounds, word and sentence stress, rhythm, intonation, and
connected speech. Note that this subconstruct does not assess how closely a test taker approximates
any particular variety or accent of English; clearly intelligible speech is scored as such regardless of the
accent.
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These subconstructs are defined by task-specific holistic rubrics which are aligned with CEFR descriptors,
informed by relevant research (Park et al., ), and reflect common elements shared with other established
language proficiency assessments. The rubrics serve as the basis for both the human ratings used to train the
models and the features designed to capture each dimension of speaking proficiency. Appendix A provides a
more comprehensive description of the human rating process.

The six subconstructs are operationalized through 120 carefully chosen numerical features drawn from the
fields of automated writing evaluation (AWE) and automated speech evaluation (ASE) using methods based
on natural language processing (NLP) and computational linguistics (CL). Because speaking responses are
produced as audio rather than text, preprocessing begins with an additional step: each response is first
transcribed to text using automatic speech recognition (ASR), which produces a verbatim transcript along with
the timing of each spoken word and a measure of how confident the system was in transcribing it.

We use verbatim transcripts because they preserve features of natural, unrehearsed speech that are necessary
for measuring fluency, such as filler words (“um,” “uh”), repeated words, and moments where the test taker
restarts or corrects themselves. The presence of such phenomena correlates with speaking proficiency—in
fact, they are exactly what the fluency features are designed to capture—but they arise from the cognitive
demands of producing speech in real time rather than from a test taker’s lexical or grammatical ability.
Therefore, the fluency features are computed from the verbatim transcript, while the content, discourse
coherence, lexis, and grammar features are computed from a “clean” version of the transcript. This version
of the transcript has disfluencies removed and is preprocessed the same way as written responses (identifying
sentences, words, and grammatical roles). This sharing of features across the writing and speaking modalities
is intended: the same features can be used to predict expert human judgments of qualities such as coherence
and grammatical accuracy in both written and spoken responses, and using them across both ensures that
these qualities are measured consistently.

Technical Note. The ASR model used to score the monologic speaking tasks is a fine-tuned version of
NVIDIA’s Parakeet model (Sekoyan et al., ), trained on a corpus of L2 English speech to produce
verbatim transcriptions of test-taker responses. Beyond the verbatim transcript, the ASR model
also produces (a) word- and phoneme-Llevel timing information used by the fluency features, and (b)
intermediate acoustic representations (from the model’s acoustic encoder) used as input to compute the
holistic pronunciation score feature (see Appendix B). To produce the cleaned transcript used for content,
discourse coherence, lexis, and grammar feature extraction, disfluencies are identified using a fine-
tuned mmBERT model (Marone et al., ) that assigns each token a probability of being a disfluency,
in conjunction with a predefined filler-word list. Importantly, this cleaning preserves the test taker’s
original L2 lexical and grammatical forms; it removes filler words, repetitions, and self-repairs but does
not normalize or correct the underlying language.

In addition to the features shared with writing, the Duo Speaking Scorer includes a set of speaking-specific
features designed to operationalize the fluency and pronunciation subconstructs. A few illustrative features for
these speaking-specific subconstructs are listed below and shown in Figure 5, but a full list of all features with
technical details and relevant citations is provided in Appendix B. Features for content, discourse coherence,
lexis, and grammar are computed from the transcript in the same way as for writing and are not repeated here.
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Note that even though these features are shared between the Duo Writing Scorer and the Duo Speaking Scorer,
the actual ML models trained using the features are entirely separate, so the same feature may carry a different
weight in the speaking model than in the writing model.

Fluency features

» Speech rate: Measures how quickly the test taker speaks, in words or syllables per second, after
accounting for pauses.

e Pause patterns: Captures the frequency, duration, and location of silences within the response,
distinguishing natural phrasing pauses from hesitations that disrupt the flow of speech.

» Fluency score: Provides a holistic judgment of fluency from a deep learning model trained to match
human ratings of fluency, taking the full response into account.

Pronunciation features

« Speech recognition confidence: Uses the ASR model’s own confidence in its transcription as an indicator
of how intelligible the speech is; less intelligible speech produces lower-confidence transcripts.

* Pronunciation score: A holistic score from a deep learning model trained to match human ratings of how
clearly and intelligibly the test taker produces English sounds, word stress, and sentence intonation.

« Prosodic features: A set of features capturing how the voice rises, falls, and varies in emphasis across
speech, capturing the stress and intonation patterns that contribute to intelligible speech.

Speaking construct
What the DET measures

|
e i e L —] |

N N N N N [ ™
Discourse

Content h ‘ Lexis Grammar Fluency Pronunciation
3\ N CEEEs AN /1\ J
Shared with writing scorer — see Figure 3 for features Speech rate Speech recognltlon
confidence
N
{ Fruss patterns} Pronunciation
score
N
lcaicaend Prosodic features
fluency rating )

+ more features + more features

Figure 5. The DET speaking construct, decomposed into six subconstructs (four shared with writing, two
speaking-specific), collectively operationalized through 120 carefully chosen features. Three features per subconstruct
are shown for illustration. See Appendix B for the full set of features used.
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5.2 Automated Scoring for Monologic Speaking Tasks

The approach the Duo Speaking Scorer uses to automatically score responses to the three monologic speaking
tasksis similar to the one used for the writing tasks. Features are first extracted on a large training set of spoken
responses that have been scored independently by expert human raters using the CEFR-aligned rubrics. The
extracted features are then combined into task-specific ML models. Once trained, the models are evaluated for
quality and fairness and, assuming no issues are discovered, frozen for deployment. This evaluation includes
the predictive accuracy and fairness checks described for writing models in the previous sections.

Technical Note. The ML models used to score the monologic speaking tasks employ the same two-level
subconstruct-based architecture described in §4.2, extended from four subconstructs to six: content,
discourse coherence, lexis, and grammar are joined by fluency and pronunciation.

Features grouped Level 1: Subconstruct Level 2:
by subconstruct model per subconstruct scores combining subconstruct
scores
( 1\
Content | || Content model | ||  Content
features (holistic human ratings) score
L ) | S ———
( 1\
: N Coherence _,| Coherence model | _,| Coherence
Monologic features (holistic human ratings) score
. | S ———
speaking - J
response ( ) D —
N Lexis _,| Lexismodel [ | Lexis ||
features (holistic human ratings) score .
(T ' L ) \ ) L2-regularized
1 . .
i Feature | | r X linear regression
H 1
: extraction , G ( ) (holistic human ratings)
N rammar | _ Grammar model | |  Grammar
features (proficiency proxy) score
| S ———
< = Final
( ) I e score
N Pron. _,| Pron.model [ | Pronunciation | |
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| S ———
- J
( 1\
L, Fluency | || Fluency model [ Fluency ]
features (holistic human ratings) score
|
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Figure 6. High-level diagram illustrating the two-level architecture of the ML models used to score monologic
spoken responses.

As with writing, the specific model class used at the first level may vary across subconstructs, while
the second level is always a linear model. The learning targets are also the same as for writing: each
subconstruct model is trained on holistic expert human ratings, except grammar, which is trained on
a proficiency proxy for the reason described in §4.2. For the monologic speaking models, the proxy is
derived from the test taker’s performance on the test’s reading, listening, and writing tasks.
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The second level likewise combines the six subconstruct scores into a response-level score using an
L2-regularized linear regression trained to predict holistic expert human ratings.

The advantages of this architecture are as described in the technical note in §4.2. Two are particularly
relevant here:

 Control over the contribution of subconstructs. Pronunciation features are highly predictive of

human ratings and could otherwise dominate the score at the expense of other subconstructs; the

L2 regularization at the second level constrains this. Across speaking tasks, every subconstruct

makes a meaningful contribution to the task score, and no single subconstruct dominates the
others.

» Control over the influence of deep learning technology. The Duo Speaking Scorer relies more
heavily on deep learning technology than the Duo Writing Scorer since it includes end-to-end
ratings of fluency and pronunciation as features (see Appendix B). Therefore, bounding these
features’ influence within their respective subconstructs is more consequential here.

Interactive Speaking on the DET is a novel speaking task that differs from the three monologic speaking tasks
in two important ways. First, it is dialogic: the test taker participates in a multi-turn conversation rather
than producing a single sustained response. Second, it is adaptively administered: within each topic, follow-
up questions are selected from a predefined bank based on a real-time evaluation of the test taker’s earlier
responses on that topic (Park et al., ). These differences motivate an automated scoring system that is
different but still closely related to the one described in §

An Interactive Speaking task consists of two topics. A topic has one initial question and two to three follow-
up questions, for a total of six to eight questions in a test session. All topics, questions, and the question-
specific rubrics described below are generated in advance using an LLM and comprehensively reviewed by
human experts before deployment on the test.

During the test, a test taker’s response to each question is evaluated in real time against a question-specific
checklist consisting of two to five key points: one to two critical key points required for a successful response,
and one to three important elaborations that demonstrate broader task completion. The proportion of key
points covered by the response, as judged by an LLM, is computed as the task completion score for that
response. As an illustrative example, for a question like “Tell me about a hobby you enjoy,” a critical key
point might be “names a specific hobby” and an elaboration might be “explains why they enjoy it.” The task
completion score is used in two ways:

1. Adaptive administration: the system maintains a running estimate of the test taker’s task completion
scores across their prior responses and uses it to select the next follow-up question from one of three
difficulty buckets (easy, medium, hard), while also avoiding follow-ups whose content the test taker has
already covered.

2. Scoring: task completion is used to define the content subconstruct when assigning scores to the test-
taker responses (described next).
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After the test session is complete, each Interactive Speaking response is scored along the same six
subconstructs used for the monologic speaking tasks—content, discourse coherence, lexis, grammar, fluency,
and pronunciation—with one major difference: the content subconstruct for Interactive Speaking is realized
primarily through the task completion score, with only one additional response-level relevance feature. The
remaining five subconstructs are operationalized similarly to monologic speaking (see §5.2 and Appendix B).

As with the monologic tasks, these features are then fed into an ML scoring system. Since Interactive Speaking
is adaptively administered, not all test takers answer questions of equivalent difficulty. Therefore, raw scores
are not directly comparable across test takers: the same score indicates greater ability on a harder question
than on an easier one. To account for this, we take the difficulty of each question into account when estimating
the overall score for each subconstruct. These six subconstruct scores are then weighted and combined into a
single score for the Interactive Speaking task.

Technical Note. The Interactive Speaking scoring pipeline generally follows the same two-level
subconstruct-based architecture as the monologic models (§5.2), with two notable differences: (1)
an additional adjustment is applied to the scores to account for adaptive administration, and (2) the
learning targets used are different.

Level 1: IRT models: Level 2:
one model ability estimated combining subconstruct
per subconstruct from all responses scores
(monologic speaking scores)
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™ Content ]>—> IRT -
- —
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Figure 7. High-level diagram illustrating the two-level architecture of the ML models used to score the Interactive
Speaking task.

In the first level, a separate ML model is trained for each subconstruct to produce a raw per-response
subconstruct score from the relevant features. As with the monologic models, the specific model class
may vary across subconstructs. What differs here is the learning target: rather than holistic expert
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human ratings, every subconstruct model is trained to predict an average of the automated scores
produced by the monologic speaking models.

In order to make scores comparable across test takers who answered questions of varying difficulty,
we use an Item Response Theory (IRT) model for continuous responses. For each subconstruct, the
scores from all six to eight responses in the session are modeled together, with each response treated
as a separate item whose difficulty has been estimated in advance, to produce a single estimate of the
test taker’s ability on that subconstruct. This yields six IRT-based subconstruct scores per test session,
rather than per response.

In the second level, the six IRT-based subconstruct scores are weighted and combined into the Interactive
Speaking task score. The weights are informed by fitting an L2-regularized linear regression that predicts
the average monologic speaking score from the six subconstruct estimates on held-out data.

Despite these differences, the overall design preserves the verifiability of the two-level architecture; each
subconstruct’s contribution to the task score can be explicitly measured while still accommodating the
adaptive administration.

Unlike writing responses, spoken responses are not subject to automated scoring penalties; instead, all DET
spoken responses are reviewed by human proctors as part of the DET’s test security process. Proctors may flag
responses that indicate a test taker did not attempt the speaking tasks in good faith: producing no speech at
all, reading from a prepared script, or giving a response unrelated to the question asked.

The threshold for applying these flags is deliberately high. For unrelated responses in particular, proctors are
instructed to:

 target only deliberate attempts to circumvent our automated scoring, e.g., delivering a memorized
answer regardless of what was asked,

« not apply the flag to lower-scoring test takers, since the purpose of the speaking section is to assess
speaking ability rather than the ability to follow instructions,

« erronthe side of leniency whenever any connection can be found between the prompt and the response,
and

» not flag responses where a test taker has simply misheard or misunderstood the prompt.

When a proctor does flag a response, the session is invalidated and no score is reported. A weighted average
of the response scores across the test taker’s speaking tasks produces a composite speaking score, using the
weights shown in Table 6.

Similar to the writing case, the composite speaking score—which is on the standard normal scale—is
transformed into the final DET Speaking score through a procedure called scaling, which maps the composite
score onto the 10-160 scale.
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Table 6. Weights used to calculate the composite speaking score. Each monologic speaking response receives its own
score, while Interactive Speaking yields a single score for the whole task (see §5.3); the composite is the weighted average
of these scores.

Task Type Number of scores Total weight
Speak About the Photo 1 1/5
Read, then Speak 1 1/5
Speaking Sample 1 1/5
Interactive Speaking 1 2/5

We present the validity evidence for the automated DET Speaking score in this section, complementing §
which presented similar evidence for writing. Table 7 shows the agreement with human ratings (on a six-point
scale) and with IELTS and TOEFL speaking scores for the DET Speaking scores. The comparison with human
ratings is restricted to the monologic speaking tasks, since human ratings are not available for Interactive
Speaking over the same set of test sessions, which makes it difficult to compute a session-level human rating
covering all four tasks. The comparisons with |ELTS and TOEFL use the full DET Speaking score, including
Interactive Speaking.

Unlike the writing comparison in §4.3, the human ratings in Table 7 do not come from a single, full-session
dataset. Responses to each of the three monologic speaking tasks were rated separately, and the ratings were
averaged over the test sessions for which at least two were available. Because this averages over multiple
responses, it is more reliable than a score for any single response, which is why this correlation is higher than
the task-level correlations reported in Table

Table 7. Pearson correlations between the DET Speaking score and three reference measures: human ratings produced by
DET expert raters (denoted by an asterisk as it excludes Interactive Speaking), and speaking scores from |IELTS and TOEFL.
Sample sizes (n) are shown in parentheses.

Human Ratings*  IELTS Speaking ~ TOEFL Speaking

DET Speaking .92 (n=3534) .66 (n=1099) .68 (n=444)

Recall from §4.3 that correlation values measure the strength and direction of a linear relationship between
two measures and can range from —1 to 1.

The DET Speaking score’s correlation of .92 with human ratings indicates very strong agreement with expert
judgment. Correlations with IELTS and TOEFL are lower, potentially due to differences in the constructs, task
types, and rubrics. Ikeda et al. ( ) report that IELTS and TOEFL speaking scores correlate with each other at
.69 (n=937). The DET Speaking score’s correlations with both tests fall around that figure.

*As with writing, the measures being compared are on different scales, so the values reflect how similarly they order test takers rather
than how closely the numbers match.
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Like the DET Writing score, the DET Speaking score is also a composite over multiple open-ended task types.
Therefore, we also present evidence of how well the automated scores for speaking agree with human ratings
at the task level. Table 8 shows Pearson correlations computed over individual responses, grouped by task
type, between automated speaking scores and human ratings (human-machine) alongside the corresponding
correlations between two human raters on the subset of responses that were double-rated (human-human).

Table 8. Pearson correlations between the DET task-level automated speaking scores and human ratings
(human-machine) and between two human ratings (human-human). Sample sizes (n) are shown in parentheses.

Task Type Human-machine correlation (r) Human-human correlation (r)
Speak About the Photo .87 (n=2709) 88 (n=757)
Read, then Speak .87 (n=2642) .85 (n=742)
Speaking Sample 86 (n=2637) 85 (n=792)
Interactive Speaking .84 (n=4008) 90 (n=600)

Across the three monologic tasks, the human-machine correlations fall within a narrow band, indicating that
automated scoring performs consistently across task types. Comparing them to human-human correlations
shows that the automated scores agree with a human expert about as closely as a second human expert does.
The correlation between Interactive Speaking scores and human ratings is somewhat lower—Llikely because its
subconstruct models are trained to predict the output of the other speaking models rather than human ratings
directly—but remains high in absolute terms.

The DET’s scoring systems are automated but not autonomous. Every score the test reports is the output of a
measurement pipeline that human experts designed, trained, validated, and continue to monitor.

Automated scoring is one part of a larger Al ecosystem on the DET, which also includes automated item
(or question) generation, item calibration, and remote proctoring. The DET’s Responsible Al (RAI) standards
(Burstein, ) articulate the ethical principles that govern Al use across that ecosystem: Validity &
Reliability, Fairness, Privacy & Security, and Accountability & Transparency. Each proposed change to a scoring
system must be documented, evaluated against the RAI standards through an internal review process before
deployment, and retained as a record that can be examined later. The DET’s Responsible Al transparency report
(Burstein, ) documents how these standards are applied across the ecosystem.

The rest of this section describes the practices that implement these principles for automated scoring: §
describes the human oversight that underpins the human-in-the-loop development and mandatory empirical
validation; §6.2 discusses the control and verifiability that support accountability and transparency; and §
describes the demographic representation and subgroup analyses required under fairness. Privacy and security
are addressed through separate measures across the test as a whole, described in the DET security report
(Belzak et al., ).
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Each part of the writing and speaking scoring pipelines described in the previous sections rests on human
decisions. Specifically:

 Construct definition. What it means to write or speak proficiently in English on the DET is articulated by

applied linguists and assessment researchers, grounded in the CEFR and contemporary L2 development

theory, and documented in publicly available construct whitepapers (Goodwin et al., ; Park et al,,

). The subconstructs—content, discourse coherence, lexis, grammar, fluency, and pronunciation—

and the rubrics that operationalize them are products of multiple years of assessment research expertise
and experience.

» Feature engineering. The features that are used in the scoring systems are selected by computational
linguists and Al scientists for their alignment with the construct. Each feature is documented and has a
clear link to one of the six subconstructs. Appendix B lists the features individually, with their rationale,
subconstruct association, and technical implementation.

* Model training and validation. The training data for the ML models is assembled from a representative
sample of test takers (see §6.3) and rated by qualified human experts whose work is itself subject to
quality control (see Appendix A). Models are trained on this data, and every new model is empirically
evaluated in multiple ways before being deployed: (a) for predictive accuracy against held-out human
ratings, (b) for agreement with external proficiency measures, and (c) for fairness across demographic
subgroups.

« Continuous monitoring. Once deployed, DET scoring systems are continuously monitored. Score
distributions, behavior on edge cases, and subgroup performance are tracked over time, and systems are
retrained or updated when we observe drift or when the test itself undergoes changes (new questions,
changes in population, etc.).

The takeaway is that no DET score is produced by a system that operates outside human-defined boundaries.
The construct, the features, the training signals for the ML models, the validation criteria, and the penalty
thresholds are all set by humans.

In §2, we described how automated scoring systems differ in the control and verifiability they afford, depending
on how much of the scoring process is specified by human experts. Hybrid systems span a range in this respect,
and the DET’s scoring systems are deliberately constructed to sit at the more controlled end of it: hand-crafted,
construct-aligned features feed into ML systems whose contributions can be quantified at both the feature
and subconstruct level, and the deep learning components that do appear are confined to producing individual
features.

Technical Note. Referring to the typology of automated scoring systems detailed in Williamson ( )
the DET’s scoring systems are most closely aligned with feature-based engines trained on human-
rated responses (Route B in their framework), with the qualification that a small number of features
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are themselves the outputs of fine-tuned deep-learning models or LLMs (e.g., the GPT-based coherence
& content rating features as well as the end-to-end pronunciation and fluency scores). However, the
overall architecture remains verifiable with every feature named, documented, and clearly mapped to a
subconstruct.

Control is exercised at two points. First, features are selected in advance by human experts, so the system can
only respond to those aspects of the response that experts chose to measure. Second, the chosen architecture
limits the influence any one feature or subconstruct can have on the score (see the technical note in §4.2).

Verifiability matters for two reasons. First, when needed, the scoring systems can be interrogated. The features
that contributed to a given score, and their relative weights at the subconstruct level, can be easily inspected.
For more complex feature combinations within a subconstruct, established techniques for explaining model
predictions can be used to determine the contributions of each individual feature.* Second, for fairness
analysis, it is important to know which features have the biggest impact on scores to assess whether any of
those features behave differently across test-taker groups.

Fairness on the DET is ensured not by a single check but rather by a set of relevant practices:

« Representationin training data. The test-taker samples used to train the ML scoring systems are taken
from the operational DET population and reviewed for balanced representation across demographic
variables such as first language (L1) and gender to mitigate bias. The main training samples comprise
roughly 100,000 test sessions each for speaking and writing. L1s are quite diverse; test takers report over
100 first languages, and the most common first language accounts for under 17% of sessions. Gender
representation in every dataset is close to evenly balanced in terms of male and female, with a small
proportion specifying that their gender falls outside of the provided options.

» Subgroup performance evaluation. New ML scoring models are evaluated for differential performance
across demographic subgroups defined by variables including L1, gender, and geographic region.
We examine whether test takers of comparable proficiency receive systematically different scores
depending on subgroup membership. We also compute agreement between automated and human
scores within each subgroup, look for systematic over- or under-prediction that might indicate the model
is using construct-irrelevant signals, and compare the score distributions the new and current models
produce for each subgroup. Models are also evaluated at the transitions between adjacent CEFR levels,
where linguistic differences (e.g., fluency, syntactic complexity, lexical range) are most nuanced and
reliable discrimination can be hardest.

» Feature-level checks. Newly introduced features undergo differential feature functioning analysis
before beingincorporated into a model. This analysis examines whether a feature behaves differently for
test takers of comparable proficiency depending on their subgroup membership. For example, the end-
to-end pronunciation score was examined for bias across gender, operating system, and language family

*A widely used example is Shapley values (Lundberg & Lee, ), which assign each feature a contribution score for a given prediction.
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groups. These investigations inform feature engineering decisions and occasionally lead to features
either being updated or deprecated.

The analyses described here pertain to the scoring models; the DET also conducts differential item functioning
analyses on test items themselves, which are reported in the DET Technical Manual (Naismith et al., ). The
published research describing individual scoring features documents the feature-level analyses in more detail;
see, for example, Cai et al. ( ) for the pronunciation score and Naismith et al. ( ) for the fluency
features.

The DET’s automated scoring of writing and speaking responses is not a set of algorithms replacing human
judgment, but rather systems designed to scale expert judgment to match the needs of a digital-first
assessment.

Every part of the pipeline that produces the DET Writing and Speaking scores is the collaborative effort of
applied linguists, language assessment experts, psychometricians, computational linguists, and Al engineers.
This includes:

« the construct definitions grounded in CEFR and language assessment theory,
« the rubrics that operationalize each subconstruct,

« the features designed to capture the dimensions those rubrics describe,
 the human ratings that train the ML models,

« the validation criteria the ML models must meet before deployment, and

» the monitoring and fairness checks that continue after deployment.

Automation enters this pipeline only after these parts of the human-defined framework are in place, and in a
manner such that its contributions can always be inspected and audited.

This design reflects a deliberate choice. As discussed in §2, automated scoring systems differ in how much
of the scoring process is specified by human experts and how much is learned from data, and this determines
how much control and verifiability they provide. Systems that use LLMs or other deep learning models to make
holistic judgments of proficiency cede both: there are no human-defined features to constrain and it is not easy
to establish exactly what contributed to a given score. The DET’s approach to automated scoring combines
human expertise and machine learning to retain control and verifiability while still optimizing human-machine
agreement. Features are aligned to specific subconstructs. The models that combine them are structured so
that each subconstruct’s contribution to a score can be measured. Deep learning technology is used only to
produce a few specific, well-defined features.

For institutional stakeholders, the practical implication is that DET scores are produced with the same level of
expertise that goes into producing scores on traditional, human-rated assessments, but applied at the scale a
modern, digital-first assessment requires.
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The human raters for the DET are experts in the field of English language teaching and assessment. All raters
are required to have five or more years of TESOL experience with adults, two or more years of experience
in speaking and writing assessment, TESOL certification, a relevant bachelor’s degree or equivalent, expert
English proficiency (C2 on the CEFR), and familiarity with the CEFR. Experience in high-stakes assessment, an
advanced degree in a relevant field, and advanced certifications such as the Cambridge DELTA are preferred,
and raters typically exceed the minimum requirements in most categories. Raters are also selected to ensure
gender balance and a diversity of nationalities, geographic locations, linguistic backgrounds (including English
varieties), and work experiences.

To rate writing and speaking responses, raters use . These rubrics are publicly
available and assess all relevant subconstructs. The scale has six points, corresponding to A1-C2 on the CEFR;
the descriptors were developed by adapting the CEFR’s own level descriptors to the specific demands of each
task type, while also being informed by the rubrics used by other established assessments such as IELTS
and TOEFL. Before being used for large-scale rating, each rubric is piloted using benchmark rating activities
conducted by DET project leads, who apply the draft descriptors to sample responses and revise them where
they prove difficult to apply consistently. Additional categories for bad-faith responses are also used. For
datasets collected to develop features targeting specific subconstructs (e.g., content), trait-specific rubrics
are used instead.

Before working on any rating project, raters attend training sessions for the task types they will rate—
overall writing, overall speaking, or individual subconstructs—and must pass a certification test. Both initial
certification and ongoing quality control are based on three metrics.

« Exact agreement is the proportion of responses on which two raters assigned identical scores.

« Adjacent agreement is the proportion on which their scores were either identical or differed by a single
scale point.

» Quadratic Weighted Kappa (QWK) measures the agreement between two sets of ratings after
accounting for the agreement that would be expected by chance alone. A QWK value of 0 indicates
agreement no better than chance and 1 indicates perfect agreement. Unlike exact and adjacent
agreement, it weights disagreements by their magnitude, so a disagreement of two points on the scale
counts more heavily against it than a disagreement of one point.

We double-rate a minimum of 15% of all responses, which provides the paired ratings these metrics are
computed from. Raters must meet target thresholds on these metrics to certify, and must continue to meet
them to remain active.

Once certified, raters are regularly calibrated against benchmark responses: the responses carrying the gold-
standard ratings produced during the rubric piloting described above, which serve as agreed-upon exemplars
for each response type. A small calibration dataset is also rated by every active rater, which confirms continued
scoring consistency and provides the linking data required for the statistical analyses described below.

Rater performance is also monitored statistically. Each year, we conduct Many Facet Rasch Measurement
(MFRM) analyses to assess the consistency of human ratings and the performance of the rating scales,
alongside a qualitative survey eliciting rater feedback on the rubrics and the rating process. The score
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distribution data and category statistics from these analyses show that the speaking and writing scales are
well-functioning and that raters are within acceptable ranges for both severity (how strictly a rater rates
relative to the pool) and reliability (how consistently they apply the scale) for all tasks and skills. Results
are shared with individual raters as feedback on how their rating tendencies compare with the pool and change
over time.
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This appendix provides a full description of the features used by the DET automated writing and speaking
scoring systems. Each table shows the feature groups that contribute to a specific writing or speaking
subconstruct—one or more features that measure the same underlying property in slightly different ways.
Within each table, entries are sorted alphabetically by their group name. Each entry includes a high-level
description accessible to a general audience, followed by technical implementation details for the interested
reader.

Note that some speaking features whose implementation depends on the ASR system (e.g., the holistic
pronunciation and fluency scores) are computed differently for the monologic and Interactive Speaking scoring
pipelines.

Table 9. Content features used to score writing and speaking.

Feature group Details

list of features

Content Rating High-level Description: Provides a holistic judgment of how well the response
gpt-content-rating develops its content: whether it stays on topic, addresses the prompt fully, and

elaborates ideas in a coherent and substantive way. It is produced by an LLM
that has been specifically fine-tuned to match expert human ratings of content
development.

Technical Implementation: This feature uses a GPT-4.1-mini model (OpenAl, )
fine-tuned to predict human ratings of content development. The prompt, response,
and a short rubric with instructions are passed to the model, and arating is extracted
from the predicted completion. Different fine-tuned models are used depending on
the task type:

1. For the Interactive Writing and Writing Sample tasks, we fine-tune one model
using human ratings of content development obtained for responses to both
tasks.

2. For the Interactive Listening (Summarization) task type, we use the same fine-
tuned model as in (1), but with a different prompt.

3. For the Write About the Photo task, we fine-tune a model on human ratings
of content development obtained for that task’s responses, but with reference
image captions provided as additional input.

Relevant Citations: OpenAl ( )

*Interactive Speaking currently uses Whisper (Radford et al., ) for ASR, which provides different transcripts compared to the verbatim
ASR used for the monologic tasks (§5.1). This means that while the feature definitions in this appendix are indeed shared across both
scorers, some features—notably ones that rely more heavily on the internals of the ASR system, e.g., the holistic pronunciation and fluency
scores—are computed differently for the two pipelines.
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Table 9 continued

Feature group Details

list of features

Prompt Relevance High-level Description: Measures how closely the meaning of the response aligns
idf-embeddings-relevance, with the meaning of the prompt or topic. For the /Interactive Writing task, the
sentran-relevance, sentran- relevance of the follow-up response is measured against boththe initial prompt and
relevance-initial-prompt, the initial response, since the follow-up is a continuation of the original exchange
sentran-relevance-response- rather than a self-contained task.

context

Technical Implementation: Two complementary approaches are used to measure
the semantic similarity between a response and its prompt:

* Sentence-transformer embeddings. For the Writing Sample and Interactive
Writing tasks, the response and prompt are encoded using a pretrained neural
sentence-transformer (Reimers & Gurevych, ) model (paraphrase-MiniL M-
L6-v2), which encodes sentences so that similar meanings receive similar
embeddings, and the feature sentran-relevance is computed as the cosine
similarity between the two embeddings. For the Interactive Writing follow-up
response, two additional features measure relevance to the other anchors of
the exchange: sentran-relevance-initial-prompt is the cosine similarity between
the follow-up response embedding and the embedding of the initial prompt,
and sentran-relevance-response-context is the cosine similarity between the
follow-up response embedding and the embedding of the initial response.

« IDF-weighted word embeddings. For the Read, then Speak, Speaking Sample,
and Interactive Speaking tasks, the response and prompt text are each
represented as the IDF-weighted average of fastText word embeddings (Mikolov
etal, ), with inverse document frequency (Sparck Jones, ) giving more
weight to rare, topic-distinguishing words. For the Speak About the Photo task,
the prompt embedding is derived from the mean of embeddings for 10 image
captions generated by GPT-4 (Achiam et al., ). In all cases, the feature idf-
embeddings-relevanceis the cosine similarity between the response and prompt
representations. This approach has been shown to measure topical relevance
effectively in a learner-essay setting (Rei & Cummins, ), and we apply it here
to transcribed spoken responses.

Relevant Citations: Sparck Jones ( ); Rei and Cummins ( ); Mikolov et al.
( ); Reimers and Gurevych ( )

Reference Similarity High-level Description: For the Interactive Listening (Summarization) and the
semantic-similarity Speak/Write About the Photo tasks, the response is compared to a set of high-
quality reference responses to check whether the key ideas are present.

Technical Implementation: For the Interactive Listening (Summarization) task,
the feature is the maximum semantic similarity between embeddings of the
response and each of ten reference responses to a question. Embeddings are
produced by a pretrained neural embedding model (paraphrase-MiniLM-L6-v2),
which encodes sentences so that similar meanings receive similar embeddings
(Reimers & Gurevych, ). For the Speak/Write About the Photo tasks, GPT-
generated captions are used in place of reference responses.

Relevant Citations: Reimers and Gurevych ( )
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Table 9 continued

Feature group
list of features

Details

Task Completion Score
gpt-task-completion

Unique Content Length
num-characters, num-words,
num-unique-2-grams,
num-unique-3-grams,
num-main-assertions

High-level Description: For the /nteractive Speaking task only, measures how
comprehensively the response addresses the question against a question-specific
rubric of key points. Each rubric defines two to five elements that a successful
response should contain: one to two critical key points (required for a successful
response) and one to three important elaborations (additional content that
demonstrates broader task completion). The feature is the proportion of these key
points present in the response, as judged by an LLM. This is the primary feature that
defines the content subconstruct for Interactive Speaking.

Technical Implementation: The rubric and response transcript are passed to a fine-
tuned GPT-4.1-mini (OpenAl, ) model that evaluates each key point as either
present or absent in the response. The feature value is the number of key points
judged present divided by the total number of key points in the rubric. The same
score is also computed in real time during the test session and used to drive adaptive
selection of follow-up questions (see §5.3).

Relevant Citations: OpenAl ( )

High-level Description: Counts the amount of content the test taker produced,
measured in characters and words, as well as in unique two- and three-word
sequences that do not also appear in the prompt. The unique-sequence variants
reward test takers who produce genuine new content while not rewarding those who
write highly repetitive responses or copy from the prompt.

Technical Implementation: num-characters and num-words are straightforward
counts over the response. num-unique-2-grams and num-unique-3-grams count
the unique bigrams and trigrams that appear in the response but not in the prompt,
helping measure content development while limiting credit for repetition or prompt-
copying. num-main-assertions is the count of main clauses in the response,
identified using a dependency parse; this is more robust, especially for spoken
responses since verbatim ASR transcripts may contain unreliable comma usage.

Relevant Citations: Attali and Burstein ( )
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Table 10. Discourse coherence features used to score writing and speaking.

Feature group
list of features

Details

Coherence Rating
gpt-coherence

Semantic Similarity Between
Sentences
coh-lsa-local-similarity-
mean,
coh-lsa-local-similarity-stdev,
coh-lsa-global-similarity-
mean,
coh-lsa-global-similarity-
stdev
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High-level Description: Provides a holistic judgment of how well-organized and
clearly structured the response is, produced by an LLM that has been specifically
trained to match human ratings of coherence.

Technical Implementation: This feature uses a GPT-4.1-mini model (OpenAl, )
fine-tuned to predict human ratings of discourse coherence. The prompt, response,
and a short rubric with instructions are passed to the model, and a 0-6 rating is
extracted from the predicted completion. The method and rubric are similar to
those described in Naismith et al. ( ), but further fine-tuning achieves higher
agreement with human ratings, approaching inter-human agreement. The fine-
tuning process follows a structure similar to that of the gpt-content-rating feature.

Relevant Citations: Naismith et al. ( ); OpenAl ( )

High-level Description: Checks whether adjacent sentences are related in meaning,
not just in the specific words they share. This captures coherence that comes
from ideas flowing together conceptually, even when the sentences use different
vocabulary. Both the average level of relatedness and the consistency of that
relatedness across the response are measured.

Technical Implementation: Pairwise semantic similarity between sentences
is computed using Latent Semantic Analysis (LSA), following the approach of
McNamara and Graesser ( ). The four features summarize the distribution of
these pairwise similarities in two dimensions: scope and statistics.

e Local features are computed over adjacent sentence pairs, capturing how
smoothly the ideas flow from one sentence to the next.

* Global features are computed over all sentence pairs in the response, capturing
overall idea cohesion.

* Mean features (coh-Ilsa-local-similarity-mean, coh-lsa-global-similarity-
mean) report the average pairwise similarity, indicating the typical level of
relatedness.

» Standard-deviation features (coh-lsa-local-similarity-stdev, coh-lsa-global-
similarity-stdev) report the variability in pairwise similarity, indicating whether
relatedness is consistent across the response or fluctuates.

Relevant Citations: McNamara and Graesser ( )
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Feature group Details
list of features

Sentence Overlap
coh-local-binary-noun-
overlap,
coh-local-binary-arg-overlap,
coh-local-binary-stem-
overlap,
coh-local-proportion-content-
overlap,
coh-local-coreference-
overlap-mean,
coh-global-binary-noun-
overlap,
coh-global-binary-arg-
overlap,
coh-global-binary-stem-
overlap,
coh-global-proportion-
content-overlap,
coh-global-coreference-
overlap-mean

High-level Description: Measures how much vocabulary and referential content is
shared between sentences in the response, indicating whether ideas flow logically
from one sentence to the next. Responsesin which adjacent sentences share related
words, or refer back to the same entities, tend to be more coherent.

Technical Implementation: A set of ten features that measure cohesion between
pairs of sentences via two complementary mechanisms.

Lexical overlap. Eight features measure cohesion by computing proportions
of overlapping words between sentence pairs (McNamara & Graesser, ).
Features vary along three dimensions and are named accordingly as coh-[scope]-
[computation]-[token_type]-overlap:

« Scope: localvariants compute the mean overlap over consecutive sentence pairs;
global variants compute the mean over all sentence pairs.

- Computation: binary variants score each sentence pair as 1 if any overlap exists
and 0 otherwise; proportion variants compute the number of unique tokens in
each sentence that also occur in the other.

« Tokentype: nouncompares tokens tagged as nouns; arg compares tokens tagged
as nouns or pronouns; stem compares lemmatized nouns in the second sentence
against the set of lemmatized nouns, verbs, adverbs, and adjectives in the first;
content compares only content words. Not all combinations are instantiated:
the binary variants use noun, arg, and stem, while the proportion variants use
textitcontent only, giving eight lexical-overlap features in total.

Coreference overlap. Two additional features measure cohesion through corefer-
ence rather than direct lexical match: entity mentions (including pronouns and other
referring expressions) are identified across the response using AllenNLP (Gardner
et al,, ; Lee et al,, ) and grouped into coreference chains. The features
compute the average overlap of these chains between pairs of sentences over adja-
cent sentence pairs (coh-local-coreference-overlap-mean) and over all sentence
pairs (coh-global-coreference-overlap-mean). These features capture cohesion
that arises when sentences refer to the same entity using different surface forms
(e.g., an entity introduced as “the professor” and later referenced as “she”).

Relevant Citations: McNamara and Graesser ( );Gardner et al. ( ); Lee et al.

(2018)
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Table 11. Fluency features used to score speaking.

Feature group
list of features

Details

Fluency Score
e2e-sequence-fluency-score

Pauses (between clauses)
inter-clause-silence-per-
clause,
inter-clause-silence-speech-
ratio,
inter-clause-silence-mean,
inter-clause-silence-mad,
inter-clause-0.8s-silence-per-
clause,
inter-clause-0.8s-silence-
speech-ratio,
inter-clause-0.8s-silence-
mean,
inter-clause-0.8s-silence-
mad,
inter-clause-0.8s-silence-
ratio,
inter-clause-0.8s-silence-
duration-ratio
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High-level Description: Provides a holistic judgment of fluency from a deep
learning model trained to match human ratings of fluency, taking a structured
symbolic sequence derived from the full spoken response as input.

Technical Implementation: A deep neural network sequence model trained on
construct-aligned human fluency ratings. The model takes as input a multi-stream
token sequence consisting of the phoneme labels, the POS tags (plus special
disfluency tags), and the phoneme/silence durations from forced alignment. The
output is the feature value: a predicted fluency score aligned with human ratings.

Relevant Citations: Naismith et al. ( )

High-level Description: Captures pauses at clause-like boundaries, including all
such pauses as well as the long pauses (longer than 0.8 seconds). Pausing at clause
boundaries is a natural feature of fluent speech, but excessively long or frequent
pauses of this type can still signal difficulty with planning what to say next.

Technical Implementation: A set of features derived from silences detected at
clause-like boundaries in the verbatim ASR transcript, computed both over all
such silences and over the subset longer than 0.8 seconds. inter-clause-silence-
per-clause is the average number of silences per clause. inter-clause-silence-
speech-ratio is the ratio of total inter-clause silence duration to speech duration.
inter-clause-silence-mean is the mean duration of inter-clause silences. inter-
clause-silence-mad is the mean absolute deviation of silence durations. The
four corresponding 0.8s variants apply the same calculations to the subset of
pauses exceeding 0.8 seconds. inter-clause-0.8s-silence-ratio is the proportion
of inter-clause silences that exceed the 0.8-second threshold, and inter-clause-
0.8s-silence-duration-ratio is the proportion of total inter-clause silence duration
accounted for by long silences.

Relevant Citations: Yan et al. ( )
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Feature group Details
list of features

Pauses (between sounds)
inter-phoneme-silence-per-
phoneme,
inter-phoneme-silence-
speech-ratio,
inter-phoneme-silence-mean,
inter-phoneme-silence-mad,
inter-phoneme-0.8s-silence-
per-phoneme,
inter-phoneme-0.8s-silence-
speech-ratio,
inter-phoneme-0.8s-silence-
mean,
inter-phoneme-0.8s-silence-
mad,
inter-phoneme-0.8s-silence-
ratio,
inter-phoneme-0.8s-silence-
duration-ratio

Pauses (within clauses)
within-clause-silence-count-
mean,
within-clause-silence-per-
word-mean,
within-clause-silence-speech-
ratio-mean
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High-level Description: Captures pauses between individual sounds in the
response, including all such pauses as well as the long pauses (longer than 0.8
seconds) that are typically perceived as disfluent hesitations rather than natural
breaks. Frequent or unusually long pauses between sounds tend to suggest that
the speaker is having difficulty producing continuous speech.

Technical Implementation: A set of features derived from silences detected
between phonemes in the ASR output, computed both over all inter-phoneme
silences and over the subset of silences longer than 0.8 seconds. inter-phoneme-
silence-per-phoneme is the average number of silences per phoneme. inter-
phoneme-silence-speech-ratiois the ratio of total inter-phoneme silence duration
to speech duration. inter-phoneme-silence-mean is the mean duration of inter-
phoneme silences. inter-phoneme-silence-mad is the mean absolute deviation
of silence durations (i.e., the average distance of each silence from the mean
silence duration), capturing variability in pause length. The four corresponding 0.8s
variants apply the same calculations to the subset of pauses exceeding 0.8 seconds.
inter-phoneme-0.8s-silence-ratiois the proportion of inter-phoneme silences that
exceed the 0.8-second threshold, and inter-phoneme-0.8s-silence-duration-ratio
is the proportion of total inter-phoneme silence duration accounted for by long
silences.

Relevant Citations: Yan et al. ( )

High-level Description: Captures pauses that occur in the middle of a clause-like
segment, reflecting the kind of mid-phrase hesitation that often signals a speaker
is searching for a word or formulating an idea. Pauses inside a clause typically
interrupt the flow of speech more than pauses at clause boundaries.

Technical Implementation: A set of features derived from silences detected within
clause-like segments in the ASR transcript. within-clause-silence-count-mean is
the average number of silences per clause. within-clause-silence-per-word-mean
is the average number of within-clause silences per word. within-clause-silence-
speech-ratio-mean is the average ratio of within-clause silence duration to speech
duration across clauses.

Relevant Citations: Yan et al. ( )
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Table 11 continued

Feature group
list of features

Details

Speech Rate
effective-speech-duration,
effective-speech-ratio,
verbalize-words-per-second,
syllables-per-second,
mean-length-of-run

High-level Description: Measures how quickly and continuously the test taker
speaks. These features capture speed fluency—the pace at which a speaker
produces language—and indicate whether the test taker can sustain the rate of
speech expected at higher proficiency levels.

Technical Implementation: A set of features derived from the ASR transcript
and word- and phoneme-level timestamps. effective-speech-duration is the
cumulative amount of time within the response during which speech is detected,
after excluding non-speech intervals. effective-speech-ratio is the proportion of
the total response duration spent in active speech. verbalize-words-per-second
is the number of words spoken per second of total response duration. The word
count excludes punctuation and tokens tagged as fillers or repairs. syllables-per-
second is the analogous rate computed at the syllable level, providing a more
granular measure of articulation rate that is less sensitive to differences in average
word length. mean-length-of-run is the average number of syllables produced
between pauses, capturing how much speech the test taker can produce in a single
uninterrupted stretch.

Relevant Citations: Yan et al. ( )
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Table 12. Grammar features used to score writing and speaking.

Feature group
list of features

Details

Differential Use of Grammar
du-pos, du-dep

© 2026 Duolingo, Inc

High-level Description: Captures patterns of grammar usage that statistically
distinguish higher-proficiency writers from lower-proficiency writers. A response
that uses grammatical structures in ways characteristic of higher-proficiency
writing receives a higher value, while one whose grammar patterns resemble lower-
proficiency writing receives a lower value.

Technical Implementation: Based on n-gram classifiers trained on a large corpus
of historical test-taker responses, split into high- and low-proficiency groups
by median proficiency proxy. For each task type, one n-gram model is trained
on high-proficiency responses and another on low-proficiency responses. The
feature is computed as the log-odds ratio of the response being produced by a
high-proficiency vs. low-proficiency test taker, based on the length-normalized
probabilities from each model.

Two variants are computed: du-pos (a 6-gram model of part-of-speech tags)
and du-dep (a 6-gram model of dependency-tree tags). Models use interpolated
modified Kneser-Ney smoothing via the KenLM library (Heafield et al., ) to deal
with the small number of observations for longer n-grams.

Mathematically, the log-odds ratio is defined as V=
log[P(C=H | R)/P(C=L | R)] = log[Pagam-t (R)/Pagram-.(R)],  where
R is the response, C' is the proficiency class of the test taker who wrote the
response, Phgam-m is the high-proficiency n-gram model’s length-normalized
probability of R, and Prgram-1. is the low-proficiency n-gram model’s length-
normalized probability of R.

We further regularize V' to account for noise in the n-gram model’s probabilities
for very short responses, allowing the feature value to smoothly transition from a
(slightly negative) default value for such responses to the expected log-odds ratio
V asthe responses get longer. The smoothed value Sisdefinedas.S = V + (D —
V) x min(1.0,7/L), where D is the minimum default value, 1" is the minimum
length threshold, and L is the response length.

Relevant Citations: Attali ( ); Yancey et al. ( ); Vajjala and Luci¢ ( );
Heafield et al. ( )
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Table 12 continued

Feature group Details

list of features

Grammatical Error Rates High-level Description: Detects grammatical errors in the response across 52

neg-[type]-errors-per-word distinct types (e.g., subject-verb agreement, article usage, and verb tense) and

(52 features) measures how frequently each type of error occurs relative to the length of the
response.

Technical Implementation: The response is corrected using Duolingo’s proprietary
grammatical error correction model, based on mBART (Liu et al., ) and trained
to correct common L2 learner mistakes. Each correction is classified into one of 52
non-spelling error types using the ERRor ANnotation Toolkit (ERRANT; Bryant et al.,

). Error counts for each type are tabulated and divided by the total number of
tokens in the response to produce an error-rate feature per type.

Relevant Citations: Bryant et al. ( ); Liuetal. ( )

Sentence Complexity High-level Description: Measures the length and depth of grammatical structure
mean-sentence-length, within sentences, as an indicator of the variety and sophistication of the English
max-dep-depth, syntax used in the responses. Longer sentences and sentences with more deeply
mean-dep-depth, nested grammatical structures tend to reflect higher proficiency.

mean-main-assertion-length,

mean-main-assertion-dep-

depth,

max-main-assertion-dep- The first set of features uses sentence boundaries identified by punctuation: mean-

depth sentence-length is the mean number of tokens per sentence, while mean-dep-
depth and max-dep-depth are the mean and maximum dependency-tree depth
across sentences, where dependency-tree depth is the length of the longest path
from a leaf to the root token in the dependency parse of each sentence.

Technical Implementation: A set of features computed as summary statistics over
sentence-level grammatical structure, calculated in two ways.

The second set of features substitutes main clauses for sentences as the unit
of analysis. Main clauses are identified from the dependency parse, making
the resulting features more robust for spoken responses where verbatim ASR
transcripts may contain unreliable comma usage. mean-main-assertion-length is
the mean number of tokens per main clause, and max-main-assertion-dep-depthis
the maximum dependency-tree depth across main clauses. mean-main-assertion-
dep-depth is computed differently: rather than averaging per-clause maxima, it is
the mean dependency depth across all tokens in the response.

Relevant Citations: Schwarm and Ostendorf ( )

Spelling Error Rate High-level Description: Counts the number of spelling errors in the response
neg-R:SPELL-errors-per-word relative to its total length.

Technical Implementation: Spelling errors are identified using Duolingo’s propri-
etary grammatical error correction model (based on mBART; Liu et al., ) and
classified using ERRANT (Bryant et al., ). The feature is computed as the count
of spelling errors divided by the total number of tokens in the response.

Relevant Citations: Bryant et al. ( ); Liuetal. ( )
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Table 13. Lexis features used to score writing and speaking.

Feature group
list of features

Details

CEFR-Level Word Proportions
lex-comp-a2, lex-comp-b1,
lex-comp-b2, lex-comp-c1,
lex-comp-c2, lex-comp-oov

Differential Use of Vocabulary
du-token, du-lemma

Lexical Diversity
mtld
lemma-mtld

Mean Word Length
mean-word-length

© 2026 Duolingo, Inc

High-level Description: Measures what proportion of the words in the response are
at or above each CEFR proficiency level (A2, B1, B2, C1, C2), along with the proportion
of words that fall outside the standard vocabulary altogether. Responses that draw
on more advanced vocabulary receive higher values on the higher-level features.

Technical Implementation: Each token in the response is lemmatized and looked
up in an internal CEFR dictionary. Tokens found in the dictionary are considered
“in-vocabulary”; those not found are “out-of-vocabulary” (lex-comp-oov). The
lex-comp-a2 through lex-comp-c2 features are computed as the proportion of in-
vocabulary lemmatized tokens at or above the specified CEFR level.

Relevant Citations: Xia et al. ( )

High-level Description: Similar to Differential Use of Grammar but for word usage.
A response that uses words and word forms in ways characteristic of higher-
proficiency writing receives a higher value, while one whose patterns resemble
lower-proficiency writing receives a lower value.

Technical Implementation: Identical to Differential Use of Grammar but defined
over words and lemmas instead: du-token (3-gram model of raw tokens) and du-
lemma (3-gram model of lemmatized tokens).

Relevant Citations: Attali (
Heafield et al. ( )

); Yancey et al. ( ); Vajjala and Lui¢ ( );
High-level Description: Measures the range of different words used in the
response, distinguishing genuinely varied word choice from simple repetition of the
same vocabulary.

Technical Implementation: Measure of Textual Lexical Diversity (MTLD) computed
over the raw tokens of the response (mtld) and over the lemmatized tokens of the
response (lemma-mtld). MTLD reflects the mean length of sequential word strings
that maintain a given type-token ratio threshold.

Relevant Citations: McCarthy and Jarvis ( )

High-level Description: Measures the average length of words in the response.
Since longer words tend to be rarer and more advanced, this serves as a simple
indicator of vocabulary sophistication.

Technical Implementation: The mean character length of word tokens in the
response.

Relevant Citations: Attali and Burstein ( )
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Table 13 continued

Feature group Details

list of features

Vocabulary Control High-level Description: Measures whether the test taker uses words in contexts
learner-vocabulary-control that match how those words are used in writing by other English learners. Words

used in typical contexts receive high values; words used in unusual or unexpected
contexts receive low values.

Technical Implementation: For each word in the response, a 6-gram model trained
on a sample of high-scoring DET responses is used to compute the probability of
the word appearing in its context. To avoid conflating contextual probability with
raw word frequency, the feature incorporates the unigram probability of each word.
Thefinal feature is the log-ratio of the 6-gram probability to the unigram probability,
averaged over all tokens in the response.

Relevant Citations: Crossley et al. ( )
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Table 14. Pronunciation features used to score speaking.

Feature group
list of features

Details

Pronunciation Score
pronunciation-score

Prosodic Features
pitch_normalized_range,
energy_sd

Speech Recognition Confidence
asr-score

High-level Description: A holistic score from a deep learning model trained to
match human ratings of how clearly and intelligibly the test taker produces English
sounds, word stress, and sentence intonation. The model is designed to align
directly with three established dimensions of pronunciation proficiency: overall
phonological control (general intelligibility), sound articulation (the production of
individual consonants and vowels), and prosodic features (stress, rhythm, and
intonation).

Technical Implementation: A lightweight deep neural network pronunciation
scoring model that takes as input intermediate audio representations from the ASR
acoustic encoder. The model is trained on human pronunciation ratings aligned
with three CEFR linguistic competence scales: overall phonological control, sound
articulation, and prosodic features. Building the scorer on top of a shared acoustic
encoder provides a strong acoustic representation of the response without requiring
a separate large acoustic model, while the lightweight scoring head is trained
specifically to predict construct-aligned human ratings rather than transcription
accuracy.

Relevant Citations: Cai et al. ( )

High-level Description: Measures the rhythm and melody of the response, i.e.,
how the voice rises, falls, and varies in emphasis across speech. These features
capture the stress and intonation patterns that contribute to intelligible speech.
These features complement the comprehensive pronunciation score by providing
additional, directly interpretable acoustic measurements of prosody.

Technical Implementation: Two signal-processing-based acoustic features
adapted from ETS’s SpeechRater v5.0 engine (L. Chen et al, ).
pitch_normalized_range is the range of normalized pitch across the spoken
response. energy_sd is the standard deviation of speech energy.

Relevant Citations: L. Chen et al. ( )

High-level Description: Uses the ASR model’s own confidence in its transcription
as an indirect indicator of intelligibility. Speech that the ASR system can transcribe
with high confidence tends to be easier for human listeners to understand as well,
while speech that produces low-confidence transcripts is often less intelligible.
This feature is not a direct measure of pronunciation, since ASR confidence is also
affected by factors such as lexical sophistication and audio quality, but it provides
a useful complement to the more construct-aligned pronunciation score described
above.

Technical Implementation: A confidence score derived from the ASR model when
transcribing the spoken response. Higher values reflect speech that the model can
transcribe with greater certainty.

Relevant Citations: Qian et al. ( ); Zhang et al. ( )
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In this section, we describe the penalties applied to writing responses on top of the scores produced by the ML
scoring system. Penalties exist to ensure that responses produced in bad faith (off-topic, written in a non-
English language, unintelligible or incoherent, lacking substantive content, or composed primarily of generic
filler language) receive appropriately low scores regardless of the surface-level features the response may
exhibit. Penalties fall into two categories:

1. Automatic penalties: These penalties are applied directly by automated systems without human
intervention.

2. Proctor-applied penalties: For such penalties, an automated system raises a signal that is then
confirmed or rejected by the human proctor reviewing the test session before any score adjustment is
made. This design combines the scalability and consistency of automated detection with the experience
and expertise of human proctors.

Table 15 describes all penalties applied to DET writing responses. When more than one penalty is triggered for
the same response, the response receives the most severe of the applicable penalties. Penalties are applied as
a cap on the score rather than a fixed deduction, meaning that a response whose score is already at or below
the penalty threshold is unaffected—penalties only lower scores that would otherwise have been higher. All
penalties cap the penalized response’s score at the equivalent of 80 points on the 10-160 reported scale, except
Gibberish / Non-English, which caps it at 10 points.

Table 15. Penalties applied to DET writing responses.

Penalty Details Writing task(s) Mode
Gibberish / Written responses that are unintelligible (e.g., random All writing task types Automatic
Non-English strings of characters or meaningless sequences of words) or

that are written in a language other than English are
automatically assigned the lowest possible score. Detecting
such responses reliably is non-trivial, since short or
low-proficiency English responses can superficially resemble
unintelligible text, and short responses in some languages
can superficially resemble English. We use an ensemble of
three independent detection systems and apply the penalty
only when the ensemble agrees: a publicly available
XLM-RoBERTa model fine-tuned for language identification

(Conneau et al., ), the lingua library (Stahl, ),and a
vocabulary filter built on a predefined English word list from
the Natural Language Toolkit (NLTK; Bird et al., ). This

design reliably catches responses that are clearly
non-English or otherwise unintelligible while reducing the
risk of unfairly penalizing genuinely English responses, e.g.,
low-proficiency responses that superficially resemble
unintelligible text or responses containing occasional
borrowed words or expressions for which no close English
equivalent exists.

© 2026 Duolingo, Inc
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Table 15 continued
Penalty Details Writing task(s) Mode
Low content Responses that contain very little substantive content Writing Sample; Automatic
rating relative to the prompt are detected using the LLM-based Interactive Writing

content rating feature (Appendix B, Table 9), which uses a (Initial); Interactive

fine-tuned GPT-4.1-mini model to assign each response an Writing (Follow Up);

integer rating for how substantively its content addresses Write About the Photo

the prompt. The penalty is applied when this rating is either 0

orl.
High A separate penalty targets responses composed largely of Writing Sample; Automatic
nonsense nonsensical text: strings of words that are individually Interactive Writing
fraction plausible but do not combine into any coherent meaning. (Initial)

© 2026 Duolingo, Inc

Detection relies on two LLM-derived signals acting in
conjunction. The first identifies spans within the
response—using a fine-tuned GPT-4.1-mini model—that are
nonsensical and computes the fraction of the response (by
character length) taken up by such spans. The second is the
same content rating feature used in the Low content rating
penalty above. The penalty is triggered only when the
nonsense fraction > 0.85 (i.e., the great majority of the
response is nonsensical), and the content rating judges the
response to be weak in substantive content. Requiring both
these signals prevents false positives where the nonsense
detector might flag long spans in a response that is
otherwise reasonable.
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Table 15 continued

Penalty Details Writing task(s) Mode

Off-topic Responses that are irrelevant or only tangentially relevant to Writing Sample; Automatic,
the prompt are detected using two independent signals, both  Interactive Writing Proctor-
computed for every response. (Initial) applied

© 2026 Duolingo, Inc

The first is a topicness score produced by a
ModernBERT-base classifier (Warner et al., ) fine-tuned
on a large sample of historical responses labeled for
off-topicness by GPT models, distilling their judgments into a
lightweight model that can be applied at scale; the topicness
score reflects how closely the response relates to the
prompt.

The second is a binary off-topic judgment from a separate
fine-tuned GPT-4.1-mini model trained on expert human
ratings of topicness.

These two signals are combined in two different ways. The
penalty is applied automatically when both signals agree
that the response is off-topic and the topicness score falls
below a strict threshold (0.25). Separately, the response is
flagged for proctor review whenever either of the two inputs
flags the response, with ModernBERT using a broader
topicness score threshold in this case (0.4); if the proctor
accepts the signal, the penalty is applied. Requiring both
signals to agree before a penalty is applied catches the
clearly off-topic cases while the more inclusive criterion for
proctor review ensures that borderline cases still reach a
human.
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Table 15 continued

Penalty Details Writing task(s) Mode
Overuse of A second proctor-applied penalty handles responses with Writing Sample; Proctor-
shell shell language overuse (Madnani et al., ; Mulcaire & Interactive Writing applied
language Madnani, ). Such responses are highly templated or (Initial)

composed primarily of generic phrases of the following type
without meaningfully responding to the prompt:

« linking expressions

 descriptive statements

about the response itself

generic statements

about the importance of

the topic

« restatements of the
prompt

« vague references to
studies

 stance-taking phrases

Some amount of shell language is expected and even helpful
in a well-written response. Therefore, we penalize only the
responses that are overwhelmingly composed of such
material at the expense of substantive content.

The shell overuse signal is raised when two conditions are
jointly satisfied: (i) a fine-tuned GPT-4.1-mini model trained
on human ratings of shell overuse classifies the response as
such and (ii) the LLM-based content rating feature

(Appendix B, Table 9) is at or below a low threshold, providing
independent corroboration that the response is weak in
content. Responses meeting these two conditions are
surfaced to proctors who then accept or reject the signal. As
with the off-topic penalty, the penalty is applied if the signal
is accepted.

© 2026 Duolingo, Inc
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