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STRUCTURED ABSTRACT

Purpose. To compare a new browser-based generative AI dictation platform against the incumbent Dragon Medical Practice Edition (DMPE) on word-error rate (WER), reporting time, cognitive workload and reader preference, in a within-subject crossover preliminary evaluation. Methods. Ten
radiologists (trainee → consultant; subspecialties spanning abdominal, chest, neuro, MSK, cardiac and general imaging) each dictated 20 standardised cases (CT 8 / MRI 5 / US 2 / radiograph 3 / echocardiography 2) on both platforms in counterbalanced order, with a 14-day washout (n = 400
dictations). Primary endpoint: first-pass WER versus a fixed gold-standard report. Secondary: total time per case, post-correction WER, NASA-TLX, SUS and NPS. Paired analysis across (participant × case). Results. Mean WER 8.91 ± 7.05 % (DMPE) vs 2.20 ± 4.12 % (GenAI platform); −75.3 %
relative, p < 0.001 (paired Wilcoxon, n = 200 pairs), Cohen's d = 1.04. Mean total time 75.2 vs 26.0 s per case (−65.4 %); 93.0 % of the saving attributable to reduced correction effort. The GenAI platform outperformed DMPE in every participant and in all 20 cases. NASA-TLX frustration fell from 64
to 29; mean per-case satisfaction rose from 3.02 to 4.54 (1–5 scale). Conclusion. A browser-based generative AI dictation platform reduced WER by approximately three-quarters and total reporting time by approximately two-thirds compared with DMPE, with the largest gains in trainees and non-
native speakers. A multi-centre prospective pilot, with adjudicated clinically-significant-error rate as the primary safety endpoint, is the appropriate next step.

01 Background
Speech recognition is the rate-limiting step of radiology reporting. Published per-
report error rates range 4.8–89 % [1]; in one prospective audit 22 % of finalised
reports contained errors, while 63 % of radiologists believed their personal rate was
below 10 % [2]. The cost is paid in correction time, particularly for trainees and non-
native speakers.
Generative AI offers a different architecture: real-time speech-to-text followed by an
LLM that restores punctuation, repairs medical terminology and assembles structure
automatically [3].

Hypothesis. A browser-based generative AI dictation platform reduces first-pass
WER and total reporting time vs DMPE, with the magnitude of gain inversely related
to prior DMPE familiarity.

02 Methods
Design. Within-subject counterbalanced crossover (odd participants DMPE first; even,
GenAI first). 14-day washout. Remote completion via the browser study app, same
microphone for both arms.
Cases. 20 standardised gold-standard reports curated by the author: CT 8 / MRI 5 / US 2
/ radiograph 3 / echocardiography 2; 23–63 words. 17 pathology, 3 normal; one
deliberately vocabulary-dense outlier.
Endpoints. Primary — first-pass WER (Levenshtein). Secondary — total/correction time,
post-correction WER, satisfaction, NASA-TLX. Descriptive — edit-ops, SUS, NPS.
Analysis. Paired Wilcoxon signed-rank across n = 200 pairs; Cohen's d; Bonferroni
across five secondary endpoints. All timings and edit events captured server-side.
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Both surface an editable transcript; the only difference is what reaches the editing field. GenAI runs in-browser, no
client install.

03 Participants (n = 10)
ID GRADE SUBSPEC. YRS DMPE FAM

P01 Consultant Abdominal 14 5/5

P02 Consultant Chest 11 4/5

P03 Trainee General 4 2/5

P04 Consultant Neuro 18 5/5

P05 Fellow MSK 6 3/5

P06 Trainee General 2 2/5

P07 Consultant General 22 5/5

P08 Consultant Cardiac/US 9 4/5

P09 Consultant Chest 16 5/5

P10 Locum Cons. General 12 3/5

Median experience 11.5 yrs (IQR 6–16). 4/10 non-native English speakers. Recruited from the author's professional
network, completed remotely. 10-minute familiarisation video before first GenAI dictation.

04 Primary outcome & key effect sizes

05 WER per case (mean across 10 radiologists)
Dragon Medical Practice Edition GenAI platform Numbers show DMPE / GenAI · %

#13 MRI lumbar spine 24.7 / 17.5

#8 CT SAH 14.2 / 2.9

#19 Echo severe AS 11.3 / 1.1

#1 CT appendicitis 10.6 / 1.6

#5 CT RUL nodule 9.8 / 1.4

#14 MRI shoulder 9.3 / 2.9

#16 US AAA 9.3 / 0.3

#15 US cholecystitis 8.9 / 0.8

#17 MRI demyelination 8.9 / 1.4

#9 CXR normal 8.6 / 2.1

#20 Echo normal 7.1 / 1.3

#18 MRI brain normal 6.9 / 1.9

#10 CXR effusion 6.8 / 0.7

#7 CT acute MCA
infarct

6.6 / 1.1

#12 MRI knee 6.6 / 0.8

#2 CT diverticulitis 6.6 / 1.5

#3 CT abscess 6.3 / 1.0

#6 CT pneumonia 5.8 / 0.4

#11 CXR pneumonia 5.7 / 2.9

#4 CT PE 4.1 / 0.6

Outlier — Case 13 (MRI lumbar spine). Polysyllabic-dense report; both platforms struggle. GenAI retains a 7.2-pp advantage but 17.5 % absolute WER remains suboptimal — motivates the RadLex post-
processor (§10).

06 Per-participant effect (forest plot)
Paired Δ = WERGenAI − WERDMPE per participant (mean of 20 paired cases · 95% CI).

P01 Cons. Abdo -2.76 [-4.14, -1.38]

P02 Cons. Chest -6.86 [-9.51, -4.21]

P03 Trainee Gen. -11.15 [-14.69, -7.62]

P04 Cons. Neuro -4.73 [-6.49, -2.98]

P05 Fellow MSK -5.77 [-8.79, -2.76]

P06 Trainee Gen. -13.04 [-16.81, -9.28]

P07 Cons. Gen. -3.96 [-6.30, -1.62]

P08 Cons. Card. -6.27 [-8.51, -4.02]

P09 Cons. Chest -3.30 [-5.37, -1.23]

P10 Locum Cons. -9.20 [-12.14, -6.26]

−18 −12 −6 0
← favours GenAI  ·  Δ WER (percentage points)  ·  favours DMPE →

All ten 95% CIs lie left of zero — significant within every participant. Largest reductions: trainees (P03, P06) and non-native speakers (P02).
Smallest: P01, a high-familiarity DMPE power-user.

07 Time decomposition
Dictation Correction

DMPE 75.2 s

GenAI 26.0 s

PHASE DMPE GENAI Δ (S) Δ %

Dictation 21.5 18.0 −3.5 −16.3

Correction 53.7 8.0 −45.7 −85.1

Total 75.2 26.0 −49.2 −65.4

93 % of the per-case time saving is in correction. Dictation time differed by only 3.5 s. The mechanism is reduced first-pass error, not faster
recognition.

08 Statistical inference
ENDPOINT Δ (GENAI − DMPE) 95 % CI P COHEN'S D

First-pass WER (%) −6.71 −7.60, −5.81 < 0.001 1.04

Total time per case (s) −49.1 −55.9, −42.4 < 0.001 1.01

Correction time (s) −45.7 −52.3, −39.1 < 0.001 0.96

Post-correction WER (%) −5.55 −6.48, −4.61 < 0.001 0.82

Per-case satisfaction (1–5) +1.52 +1.31, +1.74 < 0.001 0.98

NASA-TLX frustration (0–100) −35.4 −43.0, −27.8 < 0.01 2.89

Paired Wilcoxon, n = 200 (participant × case) pairs; TLX n = 10. Bonferroni-corrected. All effect sizes large; direction preserved in every participant.

09 Edit operations & subjective measures
Edit-operation breakdown (mean per dictation)

OP DMPE GENAI

Substitutions 1.98 0.53

Deletions 1.32 0.05

Insertions 0.32 0.24

Total edits 3.62 0.82

Keystrokes 142.3 20.6

Spoken-cmd ratio 17.0 % —

Subjective measures

MEASURE DMPE GENAI

Satisfaction (1–5) 3.02 4.54

TLX mental 62 34

TLX temporal 63 31

TLX effort 66 39

TLX frustration 64 29

SUS mean 3.2 4.2

NPS 3 7

Cognitive load. DMPE requires every punctuation token to be spoken ("period", "new paragraph") — 17 % of spoken tokens. GenAI restores punctuation, capitalisation and
structure automatically, allowing continuous natural-prose dictation; explains the simultaneous TLX reductions across all four subscales.

10 Discussion
Mechanism. The cleanup pass repairs medical-terminology mis-recognitions, restores punctuation and assembles structure — yielding lower first-pass
WER and offloading the punctuation cognitive burden (§09).
Equity. DMPE quality scales with profile-training; GenAI is uniform across users because cleanup is downstream of recognition. Largest gains: trainees
and non-native speakers. Earlier interventions (prepopulated templates) did not consistently reduce errors [4].
Shared failure mode. Vocabulary-dense studies (Case 13) remain difficult for both. Next step: RadLex-anchored post-processing [5].
Architecture, not licensing. Browser-based, no installation, no voice-profile training — productive from first session.
Comparator scope. DMPE is widely deployed and the appropriate baseline here. Comparison against Nuance's cloud successor (DMO) is planned as
a separate arm.

11 Limitations
Small preliminary cohort (n = 10). External multi-centre validation required.
WER ≠ clinical safety. Levenshtein WER weights a hallucinated finding equally to a misspelled word.
Adjudicated clinically-significant-error rate is the appropriate primary endpoint for any safety study.
Standardised case set cannot capture the full long tail of subspecialty vocabulary.
Single ASR / single LLM. Generalisability across vendors and model versions not addressed.
Order effects. Counterbalanced and washed-out, but residual learning cannot be fully excluded.
Comparator scope. DMPE only; Nuance's cloud successor (DMO) not evaluated. Findings apply
specifically to DMPE.

12 Conclusion & next step
A browser-based generative AI dictation platform produced substantially lower first-pass WER (2.20 % vs 8.91 %) and shorter reporting time (26.0 vs 75.2 s per case) than DMPE. The dominant mechanism was reduced correction effort.
Direction of effect preserved across all 10 participants and all 20 cases, with the largest gains in trainees and non-native speakers.

NEXT STEP
Multi-centre prospective crossover pilot (n ≥ 30, ≥ 4 sites); three arms — DMPE, DMO, GenAI. Primary safety endpoint: adjudicated
clinically-significant-error rate. Primary effectiveness endpoint: total per-case reporting time. RadLex post-processor in development.
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DMPE — FIRST-PASS WER

8.91 %
SD 7.05 · n = 200 dictations

GENAI — FIRST-PASS WER

2.20 %
−75.3 % relative · p < 0.001

DMPE — TOTAL TIME / CASE

75.2 s
21.5 s dict + 53.7 s correct

GENAI — TOTAL TIME / CASE

26.0 s
−49.2 s per case · −65.4 %


