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Benchmarking multilingual NLP for scalable clinical language analysis
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Background Global language coverage

Language endpoints are meaningful clinical outcomes in
neurological and neurodevelopmental conditions.
Digital language outcomes can be derived from conversations,

monologues or picture descriptions using natural language
processing (NLP).

Strong, unclear and poor groups

Armenian, Basque, Bulgarian, Catalan, Croatian, Czech, Danish, Dutch,
Estonian, French, Galician, Greek, Hebrew, Italian, Lithuanian, Norwegian,
Polish, Romanian, Russian, Slovenian, Spanish (Argentina, Chile, Cuba,
Spain), Swedish

POS tagglng quantlfles grammatlcal Word ClasseS, but model AStur.lan, Eng“Sh, German, .Hlndl, Hungarlan,. S.erblan, Slovak, Span|Sh
accuracy across languages is often reported with limited zces), Fomlglese (S, FefUgal), LiveElnen
transparency.
/
n— Afrikaans, Arabic, Chinese (Simplified, Traditional), Farsi, Indonesian,
Objective Japanese, Kazakh, Korean, Macedonian, Marathi, Tamil, Telugu, Turkish,
. Vietnamese, Welsh
Develop and report a standard method for evaluating POS y

taggers across languages, then provide proof-of-concept results
using a short, standardized passage.

| F}'gure 1. Countries where
included language varieties

are spoken by most

What limits accuracy?

. . . tags compared with an NLP /T okenization errors \ /POS disagreement \
n North Wind & Sun passage (113 words in English) model; light green: POS
| tags available but no model. - ‘ Low token match rate can remove tokens Some models showed lower agreement with
n Manual POS tags by trained linguists from POS agregment and distort linguists than library documentation would
downstream estimates. suggest.

| Primary result: language-variety triage

Consensus ground truth where 22 linguists o _ Impacted: 7 varieties Key cases: Afrikaans, Simplified Chinese,
| 52 language varieties with NLP models Korean, Macedonian

BB 4 reproducible NLP libraries Stanza, spaCy, FreeLing, K / \ /
g CLASSLA

n Token realignment then POS agreement

| Strong: >80% linguist IRR, >95% token match, >90% NLP-linguist agreement. Interpretation and next steps
o , Unclear: did not meet one or two thresholds.
n MCC + 95% Cls plus Cohen’s k for IRR Poor: did not meet any threshold or had critical reliability/tokenization/POS-agreement problems.
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This is a proof-of-concept benchmark, not a clinical

Promising languages need longer, ecologically valid samples before
clinical use.

deployment validation.

The passage was short and written. We recommend replication 4 31/ 44 N/ 7 N/ 2 I Poor-performing Iapguages need better labelled data, tokenization
:Fs)ipnlgliLogngﬁ:bsfsol[ggci;ﬁﬁilga}/?ggelgpcghugg;:i?):]nséles before IRR comparisons had k 280% tokenization failures highest-certainty models and model fine-tuning.

Tentative precision target: many uses may require approximately wr][ere indiVidual':mSUiSt 'j\;apt:ﬁ,e Z;admgrgi%?siai?gﬁi, Fre;:cz,I\I;aéli(a;rz5 |S>Ig\(;§/nian Unclear cases need stronger ground truth and/or more reliable
1,000—2,500 words to narrow MCC confidence intervals. L ags were avallable i Vintnamess | i . =Ju70 Y linguist agreement.

Decision context matters: individual clinical decisions need
higher accuracy than group-level research comparisons.

(" Further detaie

This benchmark shows that multilingual POS tagging is feasible but uneven. Twenty-five language varieties have promising NLP
performance under a transparent methodology, while 27 require additional ground-truth work, tokenization improvement, or model Scan the QR code for author details, data,
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development before clinical language endpoints can be trusted at scale. code, figures and references.

Clinical endpoint implication: NLP-derived language features should be validated by language variety, stimulus
type and intended clinical decision context, not assumed from English or library-reported accuracy. \
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Abbreviations: Cl, confidence interval; IRR, inter-rater reliability; MCC, Matthew’s Correlation Coefficient; NLP, natural language processing; POS, parts of speech.
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