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● Overview of digital-first assessment

● Interactive reading

● Automated item generation

● Human review

● Pilot results

The plan



Born digital
● Designed with computational models, AI-algorithms, and tech capabilities in mind
● Theory-based & evidence-centered 
● Valid & reliable

Integrated
● Fluid infrastructure
● Integrative theoretical frameworks
● Integrated (automatic) tools & databases

Superior test-taker experience (TTX)
● Available on demand, anytime, anywhere 

● Online testing with remote proctoring

A digital-first assessment
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Digital-first design
How can we use technology to enhance how we measure language ability? 

Integrate digital affordances

● Task design
● Test delivery
● Task interaction
● Task scoring
● Security
● Psychometrics



The complex items:
Interactive reading
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Interactive Reading

Targeted reading skills

● Vocabulary knowledge
● Discourse/text completion
● Identify information (x2)
● Read to understand
● Read to use information
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Technology & task interaction

● TTs "see" how their choice 
fits into the broader 
context

● Staged reveal of the text 
(and some feedback)
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Technology & task interaction

● Unique-stem question (x2)
● Scan for the information
● Highlight the answer
● Authentic interaction with 

the text 



Identify the idea & Title the passage

● Choose the idea that is 
discussed in the passage

● Use the information in the 
text to select the best title



How it's made:
Automated item 
generation



● Item models
○ [9] + ? = [6]
○ How many pieces of [fruit] will you have if you cut [5] whole [fruits] into 

[thirds]?

● Advantages
○ Opportunity for a construct-driven approach to item development
○ Expands the potential number of items

● Serious limitations
○ Only simple item types
○ Semi-automatic costly process, depends on experts creating models

The old approach to AIG



Two related goals

● Understand how probable some text is
■ How likely is the word “dog” in a given sentence?

● Be able to generate plausible new text
○ Fill in the blank “I walked my ___”

■ How likely is each word in the corpus, given its context?

Richness of context is key

● Previous: N-gram language models → context is 5-10 words
● Current: GPT-3 → context 4,000 tokens, GPT-4  → context is 32,000 tokens

New approach: Language modeling



Technology and content generation

Generative Pretrained Transformer1

● Extremely powerful language 
generation model

● Most ML models require hundreds 
or thousands of examples of task.

● GPT-3* excels at few-shot learning -
can mirror style, format, and 
content given extremely few 
examples

Brown, Tom B., et al. "Language models are few-shot learners." arXiv preprint arXiv:2005.14165 (2020).



Goal 

Generate self-contained passages in a 
range of domains - especially at an 
academic level

Method

Generate passages and titles 
conditioned by other academic content 
and a specified topic using prototypical 
examples

Passages & titles



Common-stem questions

● Main point of passage
Example: X-rays are used in various branches of engineering and science, 
including medicine and communications.

Unique-stem questions

● Identify information
Example: How did Wilhelm Röntgen's discovery change the way that medical 
imaging was done?

Question generation



Goal: 

Generate correct and incorrect 
options

Method: 

Use of the alternative paragraphs 
as input prompts to generate 
answers, used as distractors 

Generate alternative paragraphs 
on the same topic/title

MC option generation



● Use BERT (a different state-of-the-art LM) to sequentially propose most 
likely words at each word position

● Select words to hide based on 
○ BERT analysis (was the most likely word the original word in the 

passage)
○ Lexical and syntactic analysis (part-of-speech, word frequency)
○ Linguistic context analysis (e.g., word repetition, dependency parsing)

● Select distractors based on
○ BERT likelihood
○ Lexical and syntactic analysis  

Cloze item generation



Human review
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Content Review at Scale: Overview 

● Automated 
● Item Quality 
● Fairness and Bias 



Content Review at Scale: Reviewer Portal
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Who reviews? 

Item Reviewers

● Extensive experience in TESOL/Applied Linguistics, training in item writing
● Also trained to identify FAB issues

FAB Reviewers

● Diverse backgrounds - gender, country of origin, age
● Experience and interest in Diversity, Equity, Inclusion and Belonging (DEIB)
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Reviewer management: Activities & Metrics in the Portal

Gather information about: 
● Passage content labels
● Degree of content edits
● Selection/rejection of distractors, keys, comprehension questions
● Time taken to fix passages
● Decision agreement

Use results to improve the models to: 
● Filter out bad/high effort generated passages
● Improve key and item distractor generation and selection
● Automatically fix certain content issues



Pilots
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Pilot overview

Design

● 454 passages
● 5,246 items
● ~ 200,000 test takers
● ~425 responses / item



25

Pilot overview

Analysis

● Discrimination
● Item facility
● Response time
● Local item dependence
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Item discrimination

Reasonably high

● Mean = 0.27
● 6% of items ritem-total< 0.1
● Distractor analysis can reduce 

this to less than 2%
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Item facility

Wide facility distribution

● Mean = 0.70
● Earlier tasks (cloze & 

completion) less easy than later 
tasks
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Response time

Response time ↓

Each subsequent item is 
completed more quickly 
than the previous item
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Local item dependence

LID > 0.3

● 1% Cloze-Cloze pairs (> 9,437)
● 3% Other-Other pairs (> 4,540)

Mean partial correlations

● Cloze-Cloze = 0.10
● Other-Other = 0.11
● Other-Cloze = 0.07



Wrap-up
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Technology & task creation

Evaluation

● Interactivity and staged reveal contributes to decreasing response times
● This does not come at the expense of local item dependence
● Wide range of difficulty (important for adaptive administration)
● Linguistically similar to target domains

Result: Allows us to more efficiently scale our test creation processes

→ Improve construct coverage through rapid prototyping of new items
→ Build a larger item bank to keep the test secure
→ Keep development costs low
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Current & future applications

○ Generate content for reading passages (and beyond)
○ Generate test questions
○ Maintain quality with human review
○ Edit or rewrite content to meet a specific need
○ Identify content that may not meet our testing guidelines

Technology & task creation



Digital-first test development process



Thanks!
englishtest.duolingo.com/research

geoff@duolingo.com


