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“I want to talk about an idea that is becoming 
increasingly plausible: doing user research 
without users.”
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Usability Testing TrueHB Hemoglobin meters with 
rural nurses in Ghana
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Usability testing set-top box UI in Argentina & 
Brazil
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Shadowing medical surgical nurses in Milwaukee / 
Observing travellers at various border crossings 
(here is St. Stephen NB)

 We have been incredibly fortunate to have had the 
opportunity to do user research in all parts of the 
world and involving all sorts of potential solutions 
whether that's Africa or South America all over 
Canada or the United States we have had the 
immense privilege of being able to interact with 
users in order to ascertain what is the best 
experience for them in a multitude of situations. 
this type of research is of course time-consuming 
and expensive. Is it a thing of the past? 

Having the option to have synthetic users provide 
you with real world, data or data approximating real 
world situations is tempting because of the 
efficiency it save time it save money it says effort, 
but the question is is it an actual replacement for 
first hand, boots on the ground, primary research?



SPEAKER NOTES

“Imagine I tell you I interviewed 300 customers 
yesterday. They represented every age group, 
income bracket and level of technical expertise. I 
tested three concepts, asked follow-ups, 
segmented the answers, and had the report ready 
before breakfast. Recruitment time: zero. 
Participant incentives: zero. There is just one 
catch... None of them exist.”
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Taxonomy (2 minutes)

The first two categories can be thought of as 
representations. The latter two make stronger 
claims: the model is now producing new answers 
or new behaviour and researchers may be 
tempted to treat those outputs as observations.

The key distinction: “AI organizes evidence we 
collected” is very different from “AI generates 
evidence we never collected.”

Sources: [3] Salminen et al.; [6] Wang & Siu; [1] 
Hämäläinen et al.; [2] Xiang et al.
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Signature framework #1: Epistemic distance (2 
minutes)

The left side is relatively modest: summarizing or 
representing evidence. The right side asks AI to 
make claims about human response or behaviour 
without direct observation.

“My concern isn’t really how synthetic the user is. 
It is how much epistemic work we are asking the 
simulation to do.”

Epistemology is the study of knowledge, how 
we know what we know, what counts as 
evidence, and when we can reasonably say 
something is true.

Epistemology asks: “How do we know 
this?”

So with synthetic users, the epistemological 
question is not just “Does this answer sound 
believable?” but “What evidence do we have 
that it reflects real users?”
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Why this is seductive (90 seconds)

Make the strongest possible case for the 
attraction before criticizing it. UX research has 
chronic pain points: access, time, incentives, 
repeated recruitment, and iteration cost. Synthetic 
users appear to dissolve all of them.

This is why a dismissive stance is not useful. If 
the method offers genuine leverage, we need to 
understand where it is valid.

Source: [7] Lu et al. UXAgent.
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Hämäläinen et al. (2 minutes)

Explain that this CHI 2023 paper helped make 
synthetic HCI data a serious topic. Their 
experiments showed that language-model outputs 
could look impressively human-like on some 
surface-level measures.

The overarching takeaway from Hämäläinen et al. 
(2023) is a dual-use warning. LLMs can 
dramatically accelerate thedesign, prototyping 
and pilot testing phases of research by providing 
highly plausible synthetic data. However, relying 
on them to capture the genuine, highly diverse 
margins of human behavior will systematically 
erase the unique outliers that drive true 
user-centered innovation.

Transition: “Notice the standard we just used: 
plausible.”

Source: [1] Hämäläinen et al. 2023. Suggested 
paper figure to cite in notes/handout: Fig. 5.



Diversity problem (2 minutes)

Explain model convergence: language models 
optimize likely continuations, so a synthetic 
“sample” can sound varied while still 
over-producing typical or semantically central 
responses.  By definition this gravitates towards a 
central tendency. 

This matters because research is often valuable 
precisely because of the unexpected, awkward, 
minority, and contradictory observations—not 
because of the average answer.

Sources: [1] Hämäläinen et al.; [12] Kuric et al. 
systematic review. Suggested paper item to cite: 
Hämäläinen et al.’s diversity analyses/table rather 
than copying a figure.
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SimUser setup (2 minutes)

Explain why this study raises the stakes. Rather 
than generating interview answers, the system 
attempts to simulate user–application interaction 
and generate usability feedback.

Source: [2] Xiang et al. 2024. Based on Fig. 
1/system overview.

The capability emerged in stages, but 2022–2024 
is the key transition period.

A useful timeline:

● 2022: Adept demonstrated ACT-1, a 
model that could use a web browser by 
observing the UI and taking actions such 
as clicking, typing, and scrolling. This 
was an early, high-profile demonstration 
that language models could operate 
existing software interfaces rather than 
only call APIs.

● 2023: Research systems such as 
WebArena began systematically 
benchmarking LLM agents on 
realistic,..(Continued - next slide)
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● ..multi-step web tasks across functioning 
websites. Performance was still poor—its 
best GPT-4-based agent completed only 
about 14% of tasks end-to-end—but the 
research direction was clearly 
established.

● 2024: This became much more concrete. 
On October 22, 2024, Anthropic 
released Claude 3.5 Sonnet’s computer 
use capability in public beta, explicitly 
allowing the model to look at screens, 
move the cursor, click buttons, and type 
into ordinary applications. Anthropic 
described it as the first frontier model to 
offer general computer use in public 
beta.

● 2025: OpenAI launched Operator / 
Computer-Using Agent on January 23, 
2025. It operated through screenshots 
plus mouse and keyboard actions and 
was designed to use ordinary GUIs 
without requiring application-specific 
APIs. (Continued)

SPEAKER NOTES



● 2025–2026: Computer-use capabilities 
moved from demos and research 
previews toward more general-purpose 
agent products and developer tools, with 
systems increasingly able to execute real 
tasks across websites and desktop 
software.

GUI-using agents did not suddenly appear 
after Xiang et al. The capability was already 
emerging. But 2024 was the inflection point 
when computer use began moving from 
research prototypes into general-purpose 
frontier models, and 2025 made it a 
user-facing capability.

SPEAKER NOTES



SimUser results (2 minutes)

A synthetic tool that identifies a substantial 
fraction of human-identified usability feedback is 
useful. The issue is variability: 35.7% and 100% 
are very different levels of fidelity.

The paper itself frames SimUser as generating 
heuristic usability feedback, which is a more 
cautious and defensible role than replacing 
participants.

Source: [2] Xiang et al. 2024. The 35.7–100% 
range is reported in the paper abstract/evaluation 
summary.
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UXAgent (about 2 minutes)

Using Agents for pilot testing could be the safe 
middle ground. 

This is one of the most defensible applications. 
UXAgent uses generated personas and web 
agents to expose possible problems with the 
study design itself: unclear tasks, broken flows, 
missing probes, etc.

AI isn’t replacing the participant here. It is 
helping the researcher avoid wasting a 
participant.

Source: [7] Lu et al. 2025. Cite Fig. 1/system 
design if desired.
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Grounded agents (2–3 minutes)

This study from Adobe Research is important 
because the agents were not just demographic 
prompts. Researchers first interviewed the actual 
participants about their workflows, then created 
personalized agents, then compared the agents’ 
concept evaluations with the same humans.

90 minute interviews with 51 knowledge workers, 
then presented them with 4 novel AI concepts.  
They were asked to rate the concepts for 
perceived usefulness, ease of use and Net 
Promoter Score, plus written open ended 
feedback.  The constructed a unique LLM clone 
for each participant.  

This is similar to the concept of a digital twin.  
Which is an intriguing concept, but may have 
ethical implications. 

The headline finding is wonderfully nuanced: 
“distribution-calibrated but identity-imprecise.” At 
population level, the simulation can be 
directionally useful. At individual level, digital 
Maria is not reliably Maria.
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..how closely does the 1-7 likert score match the 
human counterpart.  The best clones only 
managed to match 67% of the human baseline.  
When you zoom out and look at the aggregated 
data, the shape of the AI data curve mirrored the 
shape of the human generated curve.  Think of 
weather… meteorologist can tell you it rains 30% 
of the time in September in Ottawa.  This can be 
done very accurately.  Will they be able to tell you 
if it will rain at 2:00pm on Saturday while you’re 
apple picking… no.  

Source: [6] Wang & Siu 2026. Cite Fig. 1 and the 
abstract/conclusion.

$12.50 per human user/30 minutes  vs. $4 
minutes $1.27 eliminates the logistics of 
recruiting and scheduling.  
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Signature framework #2 (2 minutes)

Introduce this as your own phrase: “the no free 
participant paradox.”

The better the simulation, the more often we 
discover that its performance derives from real 
participants upstream. Wang & Siu rely on 
workflow interviews; Park et al. build agents from 
long interviews with 1,052 people.

This changes the business case. Maybe the right 
role is not replacing research, but extending the 
shelf-life and reach of research we have already 
paid to conduct.

Sources: [6] Wang & Siu; [8] Park et al.
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Interim synthesis (90 seconds)

This is the most positive slide in the talk. All of 
these uses reduce researcher effort without 
requiring you to pretend that model output is an 
observation of a person.

Stress: some of these applications may become 
extremely valuable in practice. This is not an 
anti-synthetic-user argument; it is a role-definition 
argument.

Sources: [2], [6], [7], [12].
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Audience experiment setup (90 seconds)

Tell the room that there is intentionally no 
obviously correct answer. The dependent variable 
is first-click expectation, not task completion.

If using Mentimeter/Slido, have the poll ready and 
show the QR code before advancing. If not, ask 
for hands for the five choices.

This fictional interface avoids contaminating the 
demo with known brand conventions or an 
existing government site.
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Reveal and discuss (about 3 minutes)

IMPORTANT: Replace the right-side illustrative 
panel before the talk. Pre-run exactly the same 
task/image with your chosen model and record 
the model/version, date, system prompt, task 
prompt, sampling settings, and number of 
independent runs. Keep this slide’s tiny “demo 
data” label until you replace it.

Ask: “Suppose the synthetic sample has n=5,000 
and this room has n=40. Does that make the 
synthetic result better evidence?”

The point is epistemic, not statistical: larger 
generated N does not create more independent 
observations of the human population.
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Central methodological claim (about 2 minutes)

Slow down here. This is the intellectual centre of 
the talk.

A model can be judged on face validity: “this 
sounds believable.” UX research requires 
something stronger: construct, external, and 
conclusion validity about actual people.

Kapania et al. show why qualitative researchers 
may initially find generated narratives plausible 
but then identify missing context, agency, and 
situated experience. The systematic review calls 
the problem “misleading believability.”

Sources: [5] Kapania et al.; [12] Kuric et al.
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First-click evidence (2–3 minutes)

Label the work clearly as a preprint. The strength 
is ecological validity: 12 real UXtweak first-click 
studies with 3,431 human participants, using 
actual visual stimuli.

The headline “53% significantly different” matters, 
but the deeper point is distributional shape. The 
same winner in 71% of tasks can sound good, yet 
mean rank-order agreement is only .16. Humans 
also showed more diverse clicks: normalized 
entropy .61 vs .43 and about 9 unique selections 
vs 5.38 for baseline synthetic participants.

Source: [10] Kuric et al. 2026, especially Table 3.
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Prompting interventions (about 2 minutes)

Walk through the obvious proposed fixes: better 
models, chain-of-thought, sampling changes, 
detailed personas. In this first-click dataset, those 
changes did not turn synthetic participants into 
reliable human behavioural proxies.

The single-persona condition is especially useful 
pedagogically: it produced different distributions in 
96% of tasks and collapsed click diversity.

Do not generalize this to “prompting never helps.” 
The correct claim is narrower: in this evaluation, 
prompting did not rescue human fidelity.

Source: [10] Kuric et al. 2026, Table 3.
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Preference testing (2–3 minutes)

Again, label as preprint. This companion study 
uses 29 real preference tests from UX practice. 
Across 78 tasks, 44% had significantly different 
choice distributions and only 53% shared the 
same first choice.

A useful contrast with the click study: synthetic 
click behaviour was often too concentrated, 
whereas synthetic design preference was often 
too evenly distributed (entropy .93 synthetic vs .86 
human).

The lesson is not simply “synthetic users lack 
diversity.” They can distort diversity in different 
directions depending on task.

Source: [11] Kuric et al. 2026, Results §5.1.
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Qualitative reasoning (2 minutes)

The paradox: explanations can make weak 
simulations more dangerous because explanation 
increases trust. Kuric et al. find recurring synthetic 
patterns such as generic design-property talk, 
over-elaboration, praise, and contextually 
nonsensical reasoning.

Kapania et al. reaches a related conclusion in 
qualitative research: generated stories can be 
compelling while missing situated context, 
agency, and lived complexity.

Call this “the plausibility trap.”

Sources: [11] Kuric et al.; [5] Kapania et al.
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Title payoff (about 2 minutes)

Be careful not to turn this into a debate about 
machine consciousness. Say explicitly: “I’m 
making a research-method claim, not a 
metaphysical claim.”

No human participant had the reported 
experience. Therefore a generated sentence 
saying “I was frustrated” is not evidence that a 
participant experienced frustration. It may be a 
useful hypothesis about where frustration could 
occur. Those are different epistemic statuses.

Source: [5] Kapania et al. is especially useful for 
grounding the distinction between generated 
narrative and situated human account.
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Bias and inclusion (2 minutes)

This is where the ethical and methodological 
problems meet. Persona generation can introduce 
compositional biases in nationality, age, 
occupation, gender, etc. Salminen et al. tested 
450 generated personas and found systematic 
composition problems.

Agnew et al.’s “Illusion of Artificial Inclusion” is 
useful as a normative counterpoint: simulating a 
marginalized perspective is not the same as 
including people who hold that perspective in the 
research process.

Avoid asserting that every synthetic-user system 
collapses to an average user. Frame it as a 
recurring risk.

Sources: [3] Salminen et al.; [4] Agnew et al.
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Systematic review (2 minutes)

Label it as a preprint and summarize rather than 
oversell. The review synthesizes 182 studies and 
organizes recurring issues into four categories: 
cognitive misalignments, distortions, misleading 
believability, and overfitting/contamination.

Its framing is useful because it does not say 
“synthetic participants are useless.” It proposes 
treating them as heuristic-like tools, with modest 
fidelity gains from model/prompt/persona 
interventions across the literature.

A very recent July 2026 cross-domain survey 
benchmark by Chen et al. provides another 
cautionary example: demographic prompting can 
over-determine segment differences and misdirect 
targeting decisions.

Sources: [12] Kuric et al.; [13] Chen et al.
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Signature framework #3 (2–3 minutes)

This is your practical contribution. The ladder is 
not a universal standard—it is a decision aid built 
from the evidence in the talk.

The rule underneath it: “Use synthetic users to 
create things to test—not to manufacture 
confirmation that those things are true.”

Explain why “conditional” includes grounded 
concept screening: Wang & Siu show a narrow 
case where distributional calibration can support 
directional early-stage screening, but authentic 
interviews remain essential for individual 
workflows, trust, and barriers.

Sources: [1], [2], [5], [6], [7], [10]–[13].
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Conclusion (2–3 minutes)

Return to Slide 3: “Was my study of 300 
nonexistent customers user research?”

Your answer: “I think the answer is no. But it might 
have been an extraordinarily useful research 
instrument.”

Then deliver the closing distinction: “Synthetic 
users are research instruments. They are not 
research participants.”

Final line: “The danger isn’t that synthetic users 
will become indistinguishable from real users. The 
danger is that their answers will become 
convincing enough that we stop caring about the 
distinction.”

Stop. Do not add another summary slide. Leave 
the reference slides up for Q&A.
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Appendix 1 Synthetic Personas
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Experiment 1 Synthetic Personas
Appendix 1  Synthetic Personas

We took a survey dataset and asked Claude to create personas from 
it - once without behavioural survey questions, and once with. Comparing Claudeʼs persona creation to human UX researcher outputs
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Claude attempt 1 No 
behavioural 
questions and 
quotes included

Appendix 1  Synthetic Personas

6 personas; lack of clear 
descriptive distinction between 
each; confidence almost identical 
for each; design of bar charts weak 
33% taking up half the bar!. 

Overall a poor output - but fast. 
This took 15 minutes to create after 
simply uploading survey results
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Claude attempt 2 
behavioural questions 
and quotes included

Appendix 1  Synthetic Personas

6 personas; much more developed; 
proper descriptions and quotes; 
clear goals and motivations; visuals 
more pleasing (though still in need 
of human editing). 

Overall output: Moderately good, 
and fast: This again only took about 
15 minutes to produce 
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Claude attempt 2 
behavioural questions 
and quotes included

Appendix 1  Synthetic Personas

6 personas; much more developed; 
proper descriptions and quotes; 
clear goals and motivations; visuals 
more pleasing (though still in need 
of human editing). 

Overall output: Moderately good, 
and fast: This again only took about 
15 minutes to produce 
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Comparing Claude to human-designed Personaʼs
Appendix 1  Synthetic Personas Near-identical: oldest accounts, advisor as primary information source, 

least likely to self-research, highest self-rated investing knowledge, 
RRSP/TFSA/wealth/GIC, and both flag "wants direct contact with their 
branch" as the design implication

Claude-generated Human-generated
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Comparing Claude to human-designed Personaʼs
Appendix 1  Synthetic Personas Near-identical, including the odd specifics: newest accounts, 

highest app support, fewest products, lowest advisor use, referral by 
family and friends, longer branch hours and 24-hour support both 
peaking, and "prepare to open a business" as a real goal

Claude-generated Human-generated
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Strong similarity: above-average mortgage knowledge, fluent online 
and app, most risk-tolerant of the set, RESP and education goals, and 
explicitly asking for debt-management and spend-categorisation tools Comparing Claude to human-designed Personaʼs

Appendix 1  Synthetic Personas

Claude-generated Human-generated
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Comparing Claude to human-designed Personaʼs
Appendix 1  Synthetic Personas Partial fit: Retirement-securing and oldest accounts is Marlene; 

the Mastercard-record joining motivation is Dwayne's peak 10%, 
highest in the dataset) 

Claude-generated Human-generated
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Comparing Claude to human-designed Personaʼs
Appendix 1  Synthetic Personas

Contraction: Digital First has "a number of long-held accounts" and 
"embrac[es] profit sharing."Priya is 14 years tenured and scores lowest in 
the dataset on profit share as a reason for banking 37%. Same channel 
behaviour, same security and deposit-guarantee priorities, opposite 
relationship to the institution and therefore opposite retention strategies 

Claude-generated Human-generated
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Comparing Claude to human-designed Personaʼs
Appendix 1  Synthetic Personas

Cheryl is missing entirely from the human-generated persona set, and she's the 
largest Claude-generated segment at 18%. 

Starters (human-generated) are low-knowledge but new and app-enthusiastic. 
In contrast, Cheryl is 1120 years tenured, holds 2.4 products, barely uses the 
app 49%, uses no advisor, and barely uses the phone. 

She's not at the start of a journey: she's been a member for fifteen years and the 
relationship has produced almost no product understanding. 

A new member with low confidence is a normal onboarding problem. A 
fifteen-year member with low confidence is an institutional failure, and it's a 
much bigger commercial opportunity.

Claude-generated, not identified in the human set
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Comparing Claude to human-designed Personaʼs
Appendix 1  Synthetic Personas

Claude had no equivalent to the human-generated 
Business persona. Business banking shows up in the 
Claude personas Dwayne holds a business account; 
Tyler & Jasmine are preparing to open one) but 
distributed across two personas rather than 
concentrated into its own. 

Overall: Claude did an adequate job with the data it 
was given. The human-generated personas 
benefitted from in-depth scoping with the client, as 
well as interviews to further refine the persona 
categories.

● 2 Claude personas mapped very closely onto 
the human work

● 2 Claude personas were partial fits
● 1 Claude persona contradicted the human 

equivalent on key traits
● 1 Claude persona had no equivalent in the 

human set
● 1 human persona had no Claude equivalent

Bottom-line: Claude provided useful insights, quickly, 
but couldnʼt replicate the depth of real client 
engagement and follow-up interviews. 

 

Human-generated, not replicated by the Claude analysis
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Appendix 2 Synthetic Usability Test
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How did the simulation compare to real people?
Appendix 2 Synthetic Usability Test

15 synthetic participants Sept 2026) vs DFFRNT's moderated test with 6 people and an expert site audit 
Sept 2024

81% vs 71%
task success, 
synthetic vs human

0.2
rank correlation of 
task success

0.79
rank correlation of 
task time

17 of 26
human findings 
surfaced – only 9 
of them fully
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Two studies, two methods
Appendix 2 Synthetic Usability Test

Not a like-for-like comparison – read the differences with these gaps in mind

Human study (2024) Synthetic study (2026)

Participants 6 people recruited via the City contact centre; mixed ages, 
genders, professions

15 model-simulated participants, one persona (middle-aged, calm, 
satisficing)

Session Moderated, think-aloud, probing, post-task questions Unmoderated simulation; think-aloud simulated in some runs

Site version saskatoon.ca, 2024 Live saskatoon.ca, Sept 2026 Bylaw 9990 in force; zoning pages 
reorganised)

Site search Avoided by protocol 0 searches) Allowed – used on 52% of attempts

Time on task Measured; 5-minute limit Modelled estimate

Task wording Original Day care reworded; 'plan' → 'application' (portal); 'PDF' added 
Rosewood)

Task order Map, condo, Rosewood, bylaw, portal, stats, day care Map, day care, stats, condo, portal, bylaw, Rosewood

Analysis 2 usability experts; site audit; accessibility scan Coded from simulation output; scoring harmonised; key facts 
verified live

Some differences on the following slides come from these gaps (site changes, search, wording, order), not from the method itself.
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Task success doesnʼt line up
Appendix 2 Synthetic Usability Test

% success by task – human (n=6) vs synthetic (n=15)

0.2
rank correlation across the 7 tasks – 
effectively none

20 pts
average gap per task

33 / 27
too optimistic: permit portal, condo

23
too pessimistic: digital bylaw

Day care wording differs between studies. Overall: synthetic 81% 85/105) vs human 71% 30/42. Small samples – directional only.
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Time ranking tracked better than success
Appendix 2 Synthetic Usability Test

7 tasks only – suggestive, not conclusive. Modelled seconds are not comparable to measured seconds in absolute terms.

Human geometric mean (measured) vs 
synthetic mean (modelled), seconds

0.79
rank correlation of task time – the 
order of difficulty was broadly right

Rosewood
overstated: 182s modelled vs 142s real 
(search dead ends humans never hit)

Day care
understated: 113s vs 228s – the 
hardest real task (wording differs)
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17 of 26 human findings surfaced - only 9 full
Appendix 2 Synthetic Usability Test

Pattern: what was missed is interaction, visual or attitudinal – things you can't get from reading page content.

Each issue in the human report, checked against the synthetic analysis

9  Matched 8  Partly 8  Missed 1

• Zoning content scattered
• Too many competing maps
• Duplicate pages
• 'Discretionary Use' jargon
• Day care page built on definitions
• Concept Plan naming inconsistent
• ePermitting slow and not understood
• Outdated 2022 data
• Business & Development overloaded

• Overlapping topics across pages
• DZB links not clearly clickable
• 'How to' links go to guides
• Sub-sites: Saskatoon Land, DZB
• Map links buried below text
• Permit Forms: no context or filters
• Concept Plans deep / below fold
• (named, but not the mechanism)

• Mega menu too big – #1 human finding
• Menu closes on hover
• PDFs with no navigation
• Left-side nav missing on guides
• Alerts ignored (banner blindness)
• Missing alt-text
• Saskatoon Land page design
• Wanting local zoning alerts

Contradicted 1 humans said Condominium Approvals needs a checklist; the simulation held it up as the model page.
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Where the two studies agree
Appendix 2 Synthetic Usability Test

Same issue, independent evidence

Finding Human evidence 2024 Synthetic evidence 2026

Zoning content scattered “I need to do a lot of clicking around to find this…ˮ 34 zoning pages; which one you land on decides the bylaw 
task

Competing maps “I think this is the map I need but I know there's 
another one…ˮ 12/15 opened the Zoning Address Map; 6 stopped there

Bylaw link buried Link “embedded in a paragraphˮ rated MAJOR Only link text is “here ;ˮ one run read it twice and missed it

Business & Development is a 
catch-all

“Business and Development feels like a 
catch-all…ˮ 10/15 looked in City Hall or Community first for statistics

Permit Forms pulls people in “I see Permit Forms and see the button to apply, I 
think I could apply hereˮ 8/15 clicked or were drawn to Permit Forms & Applications

Jargon “Discretionary useˮ is passive jargon; “what is 
digital?ˮ

“Discretionary Useˮ read off the page, never used unprompted; 
“digitalˮ read as “onlineˮ in all 6 bylaw failures

Home-based licence trap One participant ended on the home-based 
business licence Home Based page misled 2/15
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What the simulation missed, added, and got wrong
Appendix 2 Synthetic Usability Test

Added Got wrong Missed

• Mega menu: too long, too many columns, 
closes on hover – the #1 human finding

• Permit Forms filter box and 'Apply' label – 
caused a time-out

• Sub-sites Saskatoon Land, DZB) trapping users

• Map usability: legends, zooming, load time

• Right-hand links unnoticed on wide screens

• Attitudes: “my default is to phone ;ˮ wanting 
zoning alerts

• Search behaviour – excluded from the 
human protocol (still unverified)

• Order effects quantified – the same risk 
existed in the human study: ePermitting 
seen during the condo task; the DZB found 
during Task 1

• Explicit scoring rules and a data-quality 
audit

• Called Condominium Approvals a model 
page – humans want a checklist

• Rated stale statistics High – humans called 
it minor, and one found the newer report

• Called the portal the easiest task 100% – 
humans: 67%, with a time-out and a 
wrong answer

• Invented site facts – 6 runs described the 
ZAM as interactive
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Where synthetic users fit
Appendix 2 Synthetic Usability Test

Use it for
• Pressure-testing tasks, wording and order before fieldwork

• Hypotheses about labels, IA and content

• Catching order effects and scoring gaps

• Cheap re-checks after content fixes

Don't use it for
• Success rates, times or benchmarks

• Menus, hover, scrolling, filters, maps

• Attitudes, trust and real-world context

• Facts about the site without verifying them

1 Synthetic pre-test
Fix the protocol; build the 
hypothesis list

→
2 Human round 58

Measure, observe, probe →
3 Synthetic re-runs

Quick checks on fixes between 
human rounds


