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Abstract 10 

Background: South Africa’s public healthcare system serves most of the population 11 

through approximately 3,900 primary healthcare clinics characterised by long waiting 12 

times and high volumes of repeat-prescription visits. No published pre-arrival digital 13 

triage system operates across all 11 official South African languages while aligning with 14 

the South African Triage Scale (SATS). This paper reports the design and preliminary 15 

safety validation of BIZUSIZO, a hybrid deterministic-AI WhatsApp triage system. 16 

Methods: BIZUSIZO delivers SATS-aligned triage via WhatsApp, combining AI-assisted 17 

free-text classification (Claude Haiku 4.5) with a Deterministic Clinical Safety Layer 18 

(DCSL) that overrides AI output for 53 clinical discriminator categories (14 RED, 19 19 

ORANGE, 20 YELLOW) coded in all 11 official languages and independent of AI 20 

availability. A five-domain risk factor assessment can only upgrade triage level. One 21 
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hundred and twenty clinical vignettes in patient language (English, isiZulu, isiXhosa, 22 

Afrikaans; 30 per language) were scored against a developer-assigned gold standard 23 

with independent blinded nurse review. A 121-vignette multilingual DCSL safety 24 

consistency check across all 11 languages and a 220-call post-hoc framing sensitivity 25 

evaluation (110 paired vignettes) were also conducted. 26 

Results: Under-triage was 3.3% (4/120; 95% CI: 0.9%–8.3%) with no RED under-27 

triage; exact concordance was 80.0% (96/120) and quadratic weighted kappa 0.891 28 

(95% CI: 0.827–0.932). One two-level under-triage was observed on a non-RED 29 

presentation (V072, isiXhosa burns vignette, ORANGEGGREEN); one two-level over-30 

triage was observed (V054, isiZulu deep laceration, YELLOWGRED). In the framing 31 

sensitivity evaluation, AI-only classification achieved 50.9% RED invariance under 32 

adversarial framing; full-pipeline classification achieved 95.0% in four validated 33 

languages, with the DCSL rescuing 18 of 23 AI drift cases. 34 

Conclusions: A hybrid deterministic-AI triage system with DCSL-based emergency 35 

detection achieved zero RED under-triage and consistent RED detection across all 11 36 

official languages. The 16.7% over-triage rate falls within published South African SATS 37 

ranges (13.1–49%). A single two-level under-triage event was observed on an isiXhosa 38 

burns vignette (ORANGEGGREEN) and is discussed in Limitations. Findings are 39 

preliminary; prospective validation against independent nurse triage is the necessary 40 

next step. 41 

Keywords: Triage, South African Triage Scale, WhatsApp, digital health, clinical 42 

decision support, patient safety, primary healthcare, safety architecture, AI-assisted 43 

triage, framing sensitivity 44 
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Background 45 

South Africa’s public healthcare system faces a structural mismatch between patient 46 

demand and facility capacity. Approximately 83% of the South African population 47 

depends on the public healthcare sector [23], which delivers primary care through 48 

approximately 3,900 clinics. Waiting times are persistently long: a before-and-after 49 

evaluation of Ideal Clinic system-strengthening interventions across nine clinics in 50 

KwaZulu-Natal reported a median overall facility time of 122 minutes (IQR 81–204) 51 

post-intervention, with 32% of patients spending more than 3 hours during their visit 52 

and only 6% of total time spent in direct clinical consultation [24]. Clinics are described 53 

by frontline providers as engaged in ‘pushing numbers’ rather than individualised 54 

clinical care [1]. Up to 70% of a facility’s daily prescription load involves the 55 

preparation of repeat prescriptions for stable chronic patients [25], and in the same 56 

KwaZulu-Natal evaluation a combined 50% of all patients seen at baseline were 57 

attending for chronic non-communicable disease, antiretroviral therapy, or tuberculosis 58 

services [24]. The national Central Chronic Medicine Dispensing and Distribution 59 

(CCMDD) programme, established to reduce this burden, now actively services over 2 60 

million patients across 3,436 facilities in 46 districts [3], and the Ideal Clinic framework 61 

requires pre-dispensed medication or CCMDD enrolment for clinically stable chronic 62 

patients [2]. Despite these mechanisms, the healthcare system still lacks a way to 63 

evaluate and direct patient demand before physical arrival at a facility – a routing 64 

failure at the point of entry. 65 

The CCMDD programme, South Africa’s primary differentiated care model for chronic 66 

medication distribution, had scaled to over 2 million actively serviced patients across 67 

3,436 health facilities in 46 health districts by October 2019 and has continued to 68 
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expand since [3]. Despite its scale, patient adherence remains a persistent challenge: a 69 

pill-count study of HIV-positive CCMDD enrollees in the Eastern Cape found that 56.6% 70 

had sub-optimal adherence (below the 95% threshold), with reasons including 71 

medication unavailability, adverse effects, and regimen complexity [4]. These data 72 

suggest that the absence of a digital navigation and reminder layer between patients 73 

and the care system contributes to facility overcrowding and suboptimal patient flow. 74 

The National Health Insurance (NHI) Act 20 of 2023 establishes the policy framework 75 

for universal health coverage and contemplates an integrated, coordinated national 76 

health system (Section 32) supported by a national health information platform 77 

(Section 34) [5]. This legislative framework creates a policy environment aligned with 78 

digital health tools that can help route demand, reduce unnecessary facility visits, and 79 

improve emergency response for patients who genuinely require urgent care. 80 

Several digital health tools have been deployed in African and global healthcare settings, 81 

including MomConnect, South Africa’s national maternal health messaging service, 82 

which had reached over 1.5 million pregnant women by 2018 and has continued to 83 

scale since [6], and the World Health Organization’s Health Alert chatbot deployed 84 

globally during the COVID-19 pandemic [7]. Internationally, AI-assisted triage systems 85 

have shown promise in emergency department settings [8]. However, no published 86 

system provides the combination of SATS-aligned clinical triage, all 11 South African 87 

official languages, deterministic safety overrides independent of artificial intelligence, 88 

clinical governance with defined safety targets, and integration with facility routing in a 89 

single WhatsApp-based platform. 90 

The South African Triage Scale is a validated triage tool used in hospital emergency 91 

departments across the country. SATS employs a physiologically based Triage Early 92 
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Warning Score (TEWS) together with clinical discriminators to classify patients into 93 

four urgency categories: RED (emergency), ORANGE (very urgent), YELLOW (urgent), 94 

and GREEN (routine) [9]. While SATS has been validated for in-hospital use by trained 95 

clinicians with access to vital signs and physical examination, its performance differs 96 

substantially outside the hospital setting. Mould-Millman et al. found that prehospital 97 

emergency medical service (EMS) providers using SATS achieved only 56.5% 98 

concordance with gold standard triage, with an under-triage rate of 29.5%, primarily 99 

attributable to difficulties with clinical discriminators and TEWS calculation in the field 100 

[10]. Digital triage via WhatsApp is analogous to prehospital triage: the patient reports 101 

symptoms remotely, without physical examination, vital sign measurement, or visual 102 

assessment. This limitation means a digital triage system must compensate for missing 103 

clinical data with conservative classification. 104 

Recent evidence has further underscored the gap between controlled evaluation and 105 

real-world deployment of AI in clinical settings. Bean et al. conducted a randomised 106 

study with 1,298 participants and found that while large language models achieved 107 

94.9% condition identification under simulated conditions, accuracy fell below 34.5% 108 

when real users interacted with the systems – worse than the control group using 109 

conventional search – primarily because users provided incomplete symptom 110 

information [22]. Yun et al. further demonstrated that LLMs exhibit systematic 111 

sensitivity to question framing across 6,614 clinical query pairs and eight language 112 

models, with positively and negatively framed queries about identical clinical evidence 113 

producing contradictory model conclusions and multi-turn conversations amplifying 114 

the effect [21]. These two findings – incomplete real-world input and framing-driven 115 

classification drift – are not peripheral failure modes but foundational design 116 
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constraints for any AI-assisted triage system intended for deployment to self-presenting 117 

patients. Framing vulnerability in particular cannot be resolved through prompt 118 

engineering or model selection alone; it requires architectural containment. The safety 119 

architecture described below was designed with both failure modes as primary design 120 

inputs, not as post-hoc mitigations, and the system was evaluated against both through 121 

dedicated test suites (symptom completeness handling, runtime minimisation 122 

detection, and a 220-call framing sensitivity evaluation reported in Results). 123 

This paper reports the design and preliminary safety validation of BIZUSIZO, a hybrid 124 

deterministic-AI triage system delivered via WhatsApp for South African primary 125 

healthcare, including its clinical methodology, safety architecture, and clinical 126 

governance framework. It reports the results of a 120-vignette validation study 127 

benchmarked against published SATS performance data, together with a post-hoc 128 

framing sensitivity evaluation. The paper does not report patient outcomes; a formal 129 

pilot concordance study is planned. This study makes three specific contributions to the 130 

digital health literature: (1) a hybrid deterministic-probabilistic safety architecture that 131 

combines AI-assisted triage with AI-independent emergency detection, designed for 132 

deployment resilience in resource-constrained settings; (2) a multilingual safety design 133 

framework extending SATS-aligned triage to all 11 official South African languages, with 134 

explicit treatment of code-switching, patient-language terminology, and culturally 135 

specific safety mechanisms including runtime minimisation detection; and (3) a 136 

continuous integration clinical safety pipeline that uses an automated regression test 137 

suite as a deployment gate, operationalising evaluation as safety infrastructure rather 138 

than quality assurance. Underlying all three contributions is a reframing of the core 139 

problem: AI safety in resource-constrained primary healthcare is most productively 140 
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treated as a systems engineering problem – solved through layered deterministic 141 

constraints, multi-agent verification, and continuous monitoring – rather than a model 142 

accuracy problem. This framing has direct implications for how AI-assisted clinical tools 143 

should be designed, validated, and governed in low-resource settings where AI service 144 

reliability, language coverage, and clinical oversight capacity cannot be assumed. 145 

Methods 146 

System architecture and patient journey 147 

BIZUSIZO operates on WhatsApp Business API. WhatsApp was selected because it 148 

requires no application download, functions on low-cost smartphones — a critical 149 

factor given that 96.1% of South African households own at least one mobile phone [11] 150 

— and is used by 68% of active instant messaging users in South Africa [12]. The 151 

backend comprises a Node.js server deployed on Railway (a cloud platform-as-a-152 

service), a PostgreSQL database hosted on Supabase, and the Anthropic Claude family of 153 

large language models for AI-assisted free-text symptom classification. The 120-vignette 154 

validation reported in this paper was conducted using Claude Haiku 4.5 (claude-haiku-155 

4-5-20251001) as the primary classifier. Following validation, language-specific ceiling 156 

effects identified during 121-vignette DCSL regression testing prompted an upgrade of 157 

the production classifier to Claude Sonnet 4 (claude-sonnet-4-20250514) prior to pilot 158 

deployment; the Sonnet 4 configuration has not been independently validated on a held-159 

out vignette set and awaits formal validation as part of the planned prospective pilot 160 

(see Limitations). 161 

The system architecture is presented in Figure 1. The patient interaction follows a 162 

structured sequence: (1) language selection from all 11 official South African languages 163 
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(English, isiZulu, isiXhosa, Afrikaans, Sepedi, Setswana, Sesotho, Xitsonga, siSwati, 164 

Tshivenda, isiNdebele); (2) informed consent incorporating disclosure that AI may be 165 

used for symptom assessment, reference to the Protection of Personal Information Act, 166 

and the national emergency number (10177); (3) symptom input via either a structured 167 

15-category menu, a voice note option, or free-text description; (4) triage classification 168 

through three parallel pathways; (5) five-domain risk factor assessment; (6) urgency-169 

differentiated routing – RED patients are directed to emergency services, while 170 

ORANGE, YELLOW, and GREEN patients are routed via GPS to the nearest primary 171 

healthcare facility; (7) clinic consultation with nurse triage review and, where clinically 172 

indicated, formal hospital referral via a portable referral identifier; and (8) a two-stage 173 

automated follow-up comprising a 24-hour check-in and a 72-hour symptom 174 

assessment, with automatic triage upgrade for patients reporting worsening symptoms. 175 

Patients may withdraw consent at any time by sending ‘STOP,’ which terminates the 176 

session and logs the withdrawal. 177 
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178 
Figure 1. BIZUSIZO patient journey (top) and corresponding technical components 179 

(bottom). Step 3 (symptom input) is preceded by a symptom completeness check. PII 180 

stripping runs before every AI call and is shown as a technical-layer annotation within the 181 

Three pathways box. The Deterministic Clinical Safety Layer (DCSL) is shown with a coral 182 

border as one of three triage pathways at step 4 and operates independently of the AI 183 

classifier. Multi-agent verification is invoked for RED/ORANGE AI classifications; low-184 

confidence AI classifications (<75%) are routed to nurse review. Step 6 shows urgency-185 

differentiated routing: RED to emergency services, ORANGE/YELLOW/GREEN to GPS-186 

routed primary healthcare facilities. Step 7 shows nurse review, identity verification, and 187 

the hospital referral pathway via portable REF-XXXX identifier. The CI/CD safety pipeline 188 

runs the full 121-vignette DCSL regression test across all 11 official languages on every 189 

deployment; release is blocked on any under-triage failure or critical language drift. A 190 

220-call framing sensitivity evaluation surfaces coverage gaps invisible to standard 191 

vignette testing. 192 
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Triage routing is differentiated by urgency level. RED-classified patients receive an 193 

instruction to call an ambulance or proceed directly to the nearest emergency unit, with 194 

the national emergency number (10177) provided. ORANGE, YELLOW, and GREEN 195 

patients are routed via GPS to the nearest of 121 mapped public healthcare facilities in 196 

Gauteng, spanning clinics, community health centres, and hospitals. At pilot facilities, a 197 

web-based clinic dashboard provides reception staff and triage nurses with a real-time 198 

pre-arrival queue sorted by triage colour, enabling file preparation before the patient 199 

arrives. Six patient streams are aligned with national Department of Health primary 200 

healthcare standards: RED (emergency, immediate), ORANGE (fast-track, within 30 201 

minutes), YELLOW and GREEN (routine), walk-in registration for patients who did not 202 

use WhatsApp triage, and chronic medication bypass for stable Central Chronic 203 

Medicine Dispensing and Distribution programme patients. Following consultation, the 204 

treating nurse records whether the AI-assigned triage level matched the clinical 205 

assessment (Agree) or required correction (Disagree); this structured feedback is 206 

logged with timestamp and staff identifier, and constitutes a prospective data source for 207 

the planned pilot concordance study. Where the nurse’s clinical assessment indicates 208 

the patient requires hospital-level care, a formal escalation pathway is available: the 209 

nurse records the clinical reason and selects transport method (ambulance or self-210 

transport), and the system generates a portable referral identifier (REF-XXXX) that is 211 

sent to the patient’s WhatsApp and is retrievable by the receiving hospital via a 212 

dedicated lookup portal. This referral architecture is designed to operate within South 213 

Africa’s district health system model, in which primary healthcare facilities serve as the 214 

first point of care and hospital referral is a clinical decision made by the treating nurse 215 

rather than an automated system output. 216 
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Clinical methodology: SATS alignment 217 

Fifteen symptom categories are available via the structured menu: breathing/chest 218 

pain, head injury, pregnancy-related, bleeding, fever/cough, stomach/vomiting, child 219 

illness, medication/chronic, bone/joint pain, mental health, allergy/rash, women’s 220 

health (family planning), health screening (HIV, blood pressure, diabetes), other, or 221 

request to speak to a human. Thirteen of these were mapped to SATS clinical 222 

discriminators and organised into three triage pathways; the women’s health and health 223 

screening categories route to nurse-led service delivery rather than urgency triage. The 224 

first triage pathway uses the structured menu where patients select from the 13 225 

clinically-mapped symptom categories, producing deterministic triage assignments 226 

without AI involvement. 227 

The second pathway processes free-text symptom descriptions through Claude Haiku 228 

4.5 (Anthropic), a large language model which classifies the input into RED, ORANGE, 229 

YELLOW, or GREEN with an associated confidence score between 0 and 100. The AI 230 

system prompt instructs the model to classify in any of South Africa’s 11 official 231 

languages, recognise code-switching (mixing of languages common in South African 232 

speech) and township medical terminology (such as ‘sugar’ for diabetes or ‘high blood’ 233 

for hypertension), and classify upward when uncertain. The model returns a structured 234 

reasoning trace of up to 50 words explaining which SATS step determined the 235 

classification, along with an estimated Triage Early Warning Score proxy, both of which 236 

are logged for audit review. The governance framework specifies a 75% confidence 237 

threshold below which classifications are flagged for human clinical review; this 238 

escalation pathway is logged for audit and constitutes a planned feature of the pilot 239 

governance protocol. 240 
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The third pathway is the DCSL, which operates independently of AI and overrides any AI 241 

classification when recognised life-threatening symptom combinations are detected in 242 

the patient’s text (described below). 243 

A five-domain risk factor assessment evaluates age, chronic conditions (HIV, 244 

hypertension, diabetes, tuberculosis), immunocompromised status, pregnancy, and 245 

functional status. This assessment can only upgrade a triage level, never downgrade. A 246 

RED classification is never reduced regardless of risk factor profile. This one-directional 247 

adjustment ensures that the system’s conservative bias compounds rather than cancels. 248 

Symptom completeness validation 249 

Prior to triage classification, the system performs a symptom completeness check on all 250 

incoming patient messages. Messages containing fewer than four words and lacking 251 

recognised clinical symptom keywords (assessed via regular expression matching 252 

across English and indigenous South African language terms) are flagged as 253 

insufficiently detailed for safe triage. In such cases, rather than proceeding with 254 

classification on incomplete information, the system sends a single targeted follow-up 255 

question in the patient’s detected language, prompting them to specify symptom 256 

location, onset, and trajectory. The follow-up prompt is available in all 11 official South 257 

African languages. If the patient responds with additional detail, the original message 258 

and clarification are concatenated and processed as a single triage input. This 259 

mechanism was implemented in response to evidence from Bean et al. [22], who 260 

demonstrated that incomplete user input was the primary driver of real-world large 261 

language model triage failure, with diagnostic accuracy declining from 94.9% under 262 

structured vignette conditions to below 34.5% when users provided unstructured, 263 

insufficient symptom descriptions. This design directly addresses the gap between 264 
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controlled evaluation conditions and real-world clinical deployment, where patients 265 

may describe their symptoms in as few as one or two words. 266 

Runtime minimisation detection 267 

The system implements runtime detection of minimising language patterns across all 11 268 

official South African languages. This feature addresses a culturally specific 269 

phenomenon in South African primary healthcare settings, where patients frequently 270 

downplay symptoms to avoid being perceived as troublesome or wasting clinical 271 

resources. The detection layer comprises a library of regular expression patterns 272 

covering semantically equivalent minimisation phrases in English, isiZulu, isiXhosa, 273 

Afrikaans, Sepedi, Setswana, Sesotho, Xitsonga, siSwati, Tshivenda, and isiNdebele. 274 

Pattern categories include expressions conveying that symptoms are “probably 275 

nothing” or “not that bad,” apologies for seeking care, claims of coping ability, and self-276 

accusations of overreacting. When minimising language is detected, a system prompt 277 

annotation is appended to the AI triage request, instructing the model to weight clinical 278 

discriminators and objective indicators more heavily than the patient’s self-assessment 279 

of severity. This mechanism does not alter the triage classification directly; rather, it 280 

informs the AI model’s reasoning process by contextualising the patient’s language 281 

within known cultural health-seeking behaviour patterns. The minimisation detection 282 

patterns were developed through consultation with the clinical team but remain 283 

pending formal review by native speakers of each language to ensure linguistic accuracy 284 

and cultural appropriateness. To the authors’ knowledge, no previously published 285 

clinical AI triage system has implemented runtime detection of patient minimisation 286 

language as a safety mechanism (based on searches of PubMed and Google Scholar 287 

conducted through April 2026 using combinations of the terms “patient minimisation,” 288 
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“symptom minimisation,” “AI triage,” “clinical decision support,” and “large language 289 

model triage”), and formal sensitivity and specificity assessment of the detection 290 

patterns is planned as part of prospective validation. 291 

Deterministic safety architecture 292 

The clinical rules engine scans the patient’s raw symptom text for keyword 293 

combinations associated with 53 clinical discriminator categories across three triage 294 

levels: 14 RED (life-threatening), 19 ORANGE (very urgent), and 20 YELLOW (urgent) 295 

(Table 1). This component is referred to hereafter as the Deterministic Clinical Safety 296 

Layer (DCSL). BIZUSIZO’s overall architecture is a hybrid deterministic-probabilistic 297 

safety system: the DCSL provides AI-independent emergency detection, while the AI 298 

classifier handles probabilistic urgency grading for non-life-threatening presentations. 299 

When a match is detected, the DCSL assigns RED with 100% confidence, overriding any 300 

AI output. Keywords are expressed in natural patient language rather than clinical 301 

terminology. This design decision was informed by initial stress testing, which revealed 302 

three critical bugs: the phrase ‘can’t breathe’ (how patients describe respiratory 303 

distress) did not match the clinical term ‘shortness of breath’; the isiXhosa word for 304 

breathing (‘phefumla’) did not match the isiZulu variant (‘phefumuli’); and ‘bitten by a 305 

snake’ did not match the exact string ‘snake bite.’ After correction and expansion of the 306 

keyword vocabulary, the DCSL was retested and achieved 100% sensitivity (121/121) 307 

on the validation test suite across all coded languages, with no false positives observed 308 

within that suite. Real-world sensitivity remains untested and requires prospective 309 

validation against live patient presentations. Following this initial validation in four 310 

languages (English, isiZulu, isiXhosa, and Afrikaans), keyword coverage was 311 

subsequently extended to all 11 official South African languages prior to pilot 312 
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deployment. A dedicated validation suite of 121 test cases (116 positive, 5 negative) 313 

passes on all cases across all 11 languages, with exit code 1 on any failure blocking 314 

deployment. Keyword accuracy for the seven additional languages awaits independent 315 

review by native speakers, particularly for Sepedi, Setswana, Xitsonga, Tshivenda, and 316 

isiNdebele, where colloquial usage patterns are less well-documented; this review is 317 

planned prior to pilot commencement. 318 

Technically, the DCSL performs case-insensitive substring and pattern matching against 319 

patient-submitted text, scanning for predefined keyword combinations associated with 320 

each of the 53 discriminator categories. No fuzzy matching, probabilistic natural 321 

language processing, or machine learning is employed. Performance therefore depends 322 

on the coverage of predefined linguistic variants rather than on generalisation to 323 

unseen phrasing: a patient describing a life-threatening emergency in phrasing not 324 

present in the keyword vocabulary will not trigger the deterministic override, making 325 

vocabulary completeness a direct patient safety dependency. Real-world misspellings, 326 

novel colloquialisms, and code-switching patterns not captured in the vocabulary 327 

remain a key residual risk and the primary motivation for ongoing native-speaker 328 

review and prospective validation against live patient text. 329 

The system includes an API failure fallback: when the AI service is unavailable, the DCSL 330 

still operates on the raw text, catching life-threatening emergencies. Non-emergency 331 

cases are routed to a structured category menu for deterministic triage without AI. This 332 

architecture means that coded life-threatening presentations remain detectable even 333 

when the AI service is unavailable – a critical consideration for deployment in settings 334 

where internet connectivity and cloud service reliability cannot be guaranteed. 335 
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Table 1 Deterministic Clinical Safety Layer (DCSL): 53 clinical discriminator categories 336 

across three triage levels (14 RED, 19 ORANGE, 20 YELLOW), implemented in all 11 337 

official South African languages. Representative trigger patterns shown; each category 338 

has language-specific keyword sets. Keywords for the four primary validation languages 339 

(English, isiZulu, isiXhosa, Afrikaans) have been formally validated; keywords for the 340 

remaining seven languages are pending independent review by native speakers prior to 341 

pilot commencement. Approximately 960 keyword patterns in total across all languages 342 

and discriminators. Keyword sets were constructed to reflect naturalistic patient 343 

language as used in WhatsApp communication, prioritising recall through synonym 344 

redundancy and constrained through conjunctive rule design to preserve triage 345 

specificity. 346 

Discriminator category Trigger pattern (representative) 

Triage 

level 

RED discriminators (14) – 

deterministic RED override, AI-

independent 

 

Respiratory / cardiac arrest Not breathing, no pulse, collapsed 

variants 

RED 

Unconscious / unresponsive Unconscious, unresponsive, won’t 

wake up variants 

RED 

Active seizure Fitting, seizure, convulsions variants RED 

Cardiac emergency Chest pain + breathing difficulty 

variants 

RED 
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Discriminator category Trigger pattern (representative) 

Triage 

level 

ACS with radiation Chest pain radiating to arm/jaw + 

sweating variants 

RED 

Obstetric haemorrhage Pregnancy + heavy bleeding variants RED 

Cord prolapse / fetal distress Cord out, baby not moving (pregnant) 

variants 

RED 

Envenomation Snake bite, bitten by snake variants RED 

Severe burns (>20% BSA) Large burns, fire + large area variants RED 

Neonatal apnoea Baby/newborn + not breathing 

variants 

RED 

Paediatric unconscious Child + unconscious / unresponsive 

variants 

RED 

Meningococcal rash Non-blanching rash + fever variants RED 

Anaphylaxis Throat/lip/face swelling + breathing 

difficulty 

RED 

Traumatic haemorrhage High-energy mechanism + 

severe/uncontrolled bleeding 

RED 

ORANGE discriminators (19) – 

AI-assisted with DCSL 

escalation rules 

 

Stroke signs (facial droop) Face drooping, smile uneven variants ORANGE 

 . CC-BY 4.0 International licenseIt is made available under a 
 is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity. (which was not certified by peer review)

The copyright holder for this preprint this version posted April 22, 2026. ; https://doi.org/10.64898/2026.04.21.26349781doi: medRxiv preprint 

https://doi.org/10.64898/2026.04.21.26349781
http://creativecommons.org/licenses/by/4.0/


18 

Discriminator category Trigger pattern (representative) 

Triage 

level 

Stroke signs (arm weakness) Arm weak, can’t raise arm variants ORANGE 

Stroke signs (speech) Slurred speech, can’t speak variants ORANGE 

Thunderclap headache Worst headache ever, sudden severe 

head pain variants 

ORANGE 

Post-ictal state Had seizure, after fitting variants ORANGE 

Severe asthma Can’t breathe + known asthma + not 

responding to inhaler 

ORANGE 

Pre-eclampsia Pregnant + headache + blurred vision 

+ swelling 

ORANGE 

Ectopic pregnancy Pregnant + one-sided pain + dizziness 

variants 

ORANGE 

Febrile seizure Child + fever + shaking/fitting variants ORANGE 

Acute confusion Confused, disoriented, not making 

sense variants 

ORANGE 

Head trauma + LOC Head injury + was knocked out 

variants 

ORANGE 

Open fracture Bone through skin, open wound with 

bone variants 

ORANGE 

High-energy mechanism Car accident, fall from height + injury 

variants 

ORANGE 
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Discriminator category Trigger pattern (representative) 

Triage 

level 

Burns (10–20% BSA) Moderate burns + area size estimate 

variants 

ORANGE 

Acute abdomen Severe stomach pain + rigid/board-

like abdomen variants 

ORANGE 

Psychiatric emergency Actively trying to harm self/others + 

immediate risk 

ORANGE 

Severe hypoglycaemia Diabetic + very low sugar + altered 

consciousness variants 

ORANGE 

Preterm labour Pregnant + contractions before 37 

weeks variants 

ORANGE 

YELLOW discriminators (20) – 

AI-assisted classification 

 

Severe pain (any cause) Severe pain 8–10/10, unbearable pain 

variants 

YELLOW 

Suicidal ideation Want to die, thinking of suicide 

variants 

YELLOW 

Abuse / assault Hit, beaten, assaulted variants YELLOW 

Pyelonephritis Back/flank pain + fever + painful 

urination variants 

YELLOW 

Diabetic ketoacidosis Diabetic + vomiting + fruity breath + 

weak variants 

YELLOW 

 . CC-BY 4.0 International licenseIt is made available under a 
 is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity. (which was not certified by peer review)

The copyright holder for this preprint this version posted April 22, 2026. ; https://doi.org/10.64898/2026.04.21.26349781doi: medRxiv preprint 

https://doi.org/10.64898/2026.04.21.26349781
http://creativecommons.org/licenses/by/4.0/


20 

Discriminator category Trigger pattern (representative) 

Triage 

level 

TB symptom triad Cough 2+ weeks + night sweats + 

weight loss variants 

YELLOW 

Suspected fracture Bone pain + swelling + can’t use limb 

variants 

YELLOW 

Hypertensive urgency Known BP + severe headache + visual 

change variants 

YELLOW 

Appendicitis signs Right lower abdominal pain + fever + 

nausea variants 

YELLOW 

Asthma (inhaler failure) Asthma + used inhaler + not improving 

variants 

YELLOW 

Meningism signs Stiff neck + light sensitivity + headache 

variants 

YELLOW 

HIV fever (unexplained) HIV positive + fever for 3+ days 

variants 

YELLOW 

Pregnancy complication Pregnant + concerning symptom (non-

haemorrhage) variants 

YELLOW 

GI bleeding Blood in stool, vomiting blood variants YELLOW 

Deep wound Deep cut, wound won’t stop bleeding 

variants 

YELLOW 

Severe dehydration Can’t keep fluids down + no urine + 

very weak variants 

YELLOW 
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Discriminator category Trigger pattern (representative) 

Triage 

level 

Eye emergency Sudden vision loss, eye injury, 

chemical in eye variants 

YELLOW 

Testicular torsion Sudden severe testicular pain + 

swelling variants 

YELLOW 

Lower abdominal pain + missed 

period (ectopic rule-out) 

Lower abdo pain + missed period + 

pregnancy concern variants 

YELLOW 

Hypertensive urgency (alternative 

reading pattern) 

BP reading 170–200 + headache + 

dizziness + visual changes 

YELLOW 

 347 

Multi-agent verification for high-acuity classifications 348 

In the current production configuration, for cases classified as RED or ORANGE by the 349 

primary AI model (Claude Sonnet 4), the system initiates an independent verification 350 

step using a second, faster language model (Claude Haiku 4.5). The verification agent 351 

receives the original symptom text and is prompted to independently assess whether 352 

the high-acuity classification is appropriate, returning a structured response indicating 353 

agreement or disagreement with a brief clinical rationale. Cases where the primary and 354 

verification models agree proceed without modification. In cases of disagreement, the 355 

case is flagged for nurse review on the clinical dashboard; critically, the triage level 356 

assigned by the primary model is not altered by the verification process, as automatic 357 

downgrade of a high-acuity classification based solely on a secondary AI assessment 358 

would reintroduce the AI-dependent failure mode the DCSL is designed to prevent. 359 
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Verification is intentionally bypassed for cases where the triage level has been 360 

determined by the DCSL rather than AI classification, as these rules have been 361 

independently validated against clinical protocols and verification would introduce 362 

delay without safety benefit. This architecture is designed to provide an additional layer 363 

of scrutiny for the highest-acuity AI classifications without overriding deterministic 364 

clinical logic. The verification agent was introduced as part of the pre-pilot production 365 

configuration and was not part of the 120-vignette validation pipeline reported in this 366 

paper; its effect on triage safety has not been independently assessed (see Limitations). 367 

Low-confidence uncertainty-aware routing 368 

When the primary AI model’s confidence score remains below 75% after a clarification 369 

attempt, the system activates an uncertainty-aware routing protocol designed to 370 

balance the competing risks of over-triage and under-triage in cases where the model’s 371 

assessment is uncertain. Three actions are taken simultaneously. First, the triage level 372 

assigned by the AI is preserved unchanged; the system does not automatically upgrade 373 

uncertain cases to a higher acuity level. Second, the patient receives a safety advisory 374 

message in their detected language, informing them that the confidence of the 375 

assessment is lower than usual and advising them to attend the clinic promptly if 376 

symptoms change or worsen. Third, the case is flagged on the clinic governance 377 

dashboard for nurse review. This approach is informed by the principle that automatic 378 

escalation of uncertain cases, while superficially conservative, may contribute to alert 379 

fatigue and resource misallocation in already overburdened primary healthcare 380 

settings. By preserving the AI classification, communicating uncertainty transparently 381 

to the patient, and routing to human oversight, the system seeks to maintain clinical 382 

safety without generating unnecessary high-acuity alerts. 383 
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Multilingual architecture 384 

The system supports all 11 official South African languages through a two-tier 385 

architecture. Critical messages – including consent text, triage results, emergency 386 

instructions, and the STOP command response – are hardcoded in each language by 387 

human translators, not AI-translated. This design explicitly separates safety-critical 388 

communication from AI translation, eliminating language model dependency for high-389 

risk interactions. Dynamic content, including free-text classification and contextual 390 

follow-up messages, is processed by the AI model, which is instructed to recognise code-391 

switching and colloquial medical terminology common in South African healthcare 392 

settings. 393 

Clinical governance framework 394 

BIZUSIZO operates under a formal clinical governance framework comprising a Clinical 395 

Governance Charter, escalation standard operating procedures, a four-level incident 396 

severity classification (Level 1: near miss through Level 4: serious harm or death), 397 

monthly clinical audits of 40 randomly selected triage conversations, and evidence-398 

based safety targets benchmarked against published SATS validation data. The 399 

governance structure designates a registered nurse as Clinical Governance Lead 400 

responsible for clinical audit, incident review, and safety target monitoring. Subgroup 401 

performance reporting disaggregates triage accuracy, confidence scores, rule override 402 

rates, and nurse feedback rates by language, facility, age group (paediatric, adolescent, 403 

adult, elderly), and sex, with automated disparity flags triggered when any subgroup 404 

deviates significantly from overall performance. A longitudinal outcome-triage 405 

correlation endpoint systematically links triage classifications to patient-reported 406 

outcomes at 24 and 72 hours, providing population-level evidence on whether triage 407 
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decisions led to appropriate care. The system is positioned as a clinical decision support 408 

and navigation tool, not a medical device, and does not diagnose, prescribe, or monitor 409 

physiological parameters. 410 

Preliminary safety assessment: vignette-based testing 411 

This is a developer-led technical validation study using clinical vignettes to assess safety 412 

performance of a digital triage system, conducted prior to prospective clinical 413 

evaluation. The study is reported in alignment with the DECIDE-AI guidelines for early-414 

stage clinical evaluation of AI-based decision support systems [26]; a completed 415 

DECIDE-AI checklist is provided as Additional file 2. The reference standard was SATS-416 

based triage classification using published clinical discriminators [9]. One hundred and 417 

twenty clinical vignettes were designed based on SATS clinical discriminators 418 

established by Twomey et al. [9], following the vignette-based methodology applied by 419 

Mould-Millman et al. [10] and Dalwai et al. [13], who used 50 and 42 vignettes 420 

respectively; 120 vignettes was selected to provide adequate coverage across four 421 

triage levels and four languages at 30 cases per language, consistent with published 422 

SATS vignette validation studies [10, 13] while remaining feasible for a preliminary 423 

safety assessment. Vignette scenarios were drafted with the assistance of ChatGPT 424 

(OpenAI) and Anthropic Claude, used as drafting aids to generate candidate clinical 425 

presentations; all vignettes were subsequently reviewed and edited by the author 426 

against published SATS discriminators, and final content was approved by the author. 427 

This AI-assisted drafting process represents an additional source of potential bias 428 

beyond single-author design, as the language models used to draft vignettes are distinct 429 

from but trained on broadly similar internet-scale corpora and therefore potentially 430 

sharing linguistic priors with the Claude model used in the triage system under 431 
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evaluation; independent external vignette development is planned for prospective 432 

validation. No prompts or outputs from the production triage model were used in 433 

vignette generation, and vignette content was finalised independently by the author 434 

based on SATS clinical discriminators; the vignette generation and triage evaluation 435 

pipelines are entirely separate systems with no shared inputs or outputs. Vignettes 436 

were written in the language and register that a real patient would use when typing on 437 

WhatsApp, including informal phrasing, spelling variations, and incomplete clinical 438 

information. The distribution comprised 20 RED, 32 ORANGE, 44 YELLOW, and 24 439 

GREEN cases across four languages: 30 cases per language (English, isiZulu, isiXhosa, 440 

and Afrikaans), each with 5 RED, 8 ORANGE, 11 YELLOW, and 6 GREEN cases. 441 

Categories included medical, trauma, paediatric, obstetric, chronic care, mental health, 442 

and wellness presentations. To mitigate developer bias, gold standard triage levels were 443 

assigned using SATS clinical discriminators by the study author (BN, MPH), with 444 

independent blinded verification by the Clinical Governance Lead (SP, registered nurse 445 

with primary healthcare experience), who rated all 120 vignettes across all four 446 

languages without reference to the developer’s ratings. Discrepancies were quantified 447 

using inter-rater agreement metrics. Quadratic weighted kappa was calculated on 119 448 

evaluable vignettes (one rating was missing). The inter-rater kappa was 0.678 (95% CI: 449 

0.577–0.763), indicating substantial agreement. The nurse rater showed a tendency 450 

toward more conservative classification, assigning RED to 52% of cases compared to 451 

17% in the gold standard – a pattern consistent with clinical training to err toward 452 

higher urgency in the absence of physical examination findings, and itself evidence that 453 

SATS-by-text without physical examination legitimately admits wide classification 454 

variance, which is a structural feature of the task rather than a rater failing. 455 
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Each vignette was processed through the complete triage pipeline: the message was 456 

submitted to the AI classifier (Claude Haiku 4.5, model identifier claude-haiku-4-5-457 

20251001, temperature 0.1), then passed through the DCSL, with the final triage level 458 

recorded. Outcomes were categorised as CORRECT (exact match with gold standard), 459 

OVER-TRIAGED (system assigned higher urgency), UNDER-TRIAGED minor (one level 460 

lower), or UNDER-TRIAGED major (two or more levels lower). Under-triage rate, over-461 

triage rate, exact concordance, agreement within one SATS level, and a composite safety 462 

score were calculated. Confidence intervals for proportions were calculated using the 463 

Clopper-Pearson exact binomial method. The Clopper-Pearson method was selected due 464 

to the small sample size and low event rate for the under-triage outcome, providing 465 

conservative interval estimates appropriate for safety assessments. The safety score 466 

assigned 1.0 for correct, 0.5 for over-triaged, 0 for minor under-triage, and -1.0 for 467 

major under-triage, following scoring frameworks used in published triage validation 468 

studies. Quadratic weighted Cohen’s kappa was used as the primary agreement metric; 469 

the composite safety score is a study-specific ordinal weighting and should not be 470 

interpreted as a standard validation measure. The DCSL trigger patterns and rules 471 

engine logic were frozen prior to formal validation and were not modified based on 472 

vignette outcomes. Validation vignettes were not reused in regression testing within the 473 

CI pipeline, ensuring separation between the validation set and ongoing safety 474 

assurance testing. This study should be interpreted as a technical safety validation 475 

rather than a clinical effectiveness study: the primary objective was to verify that the 476 

system does not fail in high-risk scenarios, rather than to establish diagnostic accuracy 477 

in real-world clinical populations. 478 
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Post-hoc framing sensitivity evaluation 479 

Following publication of Yun et al. [21], which documented systematic sensitivity of 480 

large language models to positively versus negatively framed clinical queries across 481 

6,614 query pairs and eight models, a post-hoc evaluation was conducted to quantify 482 

BIZUSIZO’s vulnerability to the same failure mode and to test whether the deterministic 483 

safety layer provides architectural resistance to framing effects. 484 

A set of 110 framing-paired vignettes was developed across all 11 official South African 485 

languages (10 cases per language: 5 RED controls, 3 ORANGE, 2 YELLOW). Each case 486 

was presented in two variants: a neutral variant describing symptoms in direct patient 487 

language, and an adversarial variant in which identical clinical content was embedded 488 

in either minimising framing (“it’s probably nothing but…”, “I don’t want to bother 489 

anyone…”, “I’m sure I’m overreacting…”) or catastrophising framing (dramatic emphasis 490 

without additional clinical information). This yielded 220 total classification calls. 491 

Framing patterns were drawn from the runtime minimisation detection library and 492 

from patient communication patterns observed in the vignette corpus. 493 

Two evaluation conditions were compared. In the AI-only condition, vignettes were 494 

classified using a simplified baseline prompt without explicit SATS clinical 495 

discriminators, to establish a floor estimate of framing vulnerability in the underlying 496 

language model. In the full-pipeline condition, vignettes were classified using the 497 

production system comprising the SATS-aligned AI prompt, the DCSL, and the five-498 

domain risk factor assessment. RED invariance – the proportion of RED gold-standard 499 

cases classified as RED under both neutral and adversarial framings – was the primary 500 

outcome. Cases in which the AI classifier drifted under adversarial framing but the final 501 

pipeline classification remained RED were counted as DCSL rescues. 502 
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The evaluation was not used to modify DCSL trigger patterns or AI prompts 503 

retrospectively in a way that would invalidate the primary vignette validation. However, 504 

the evaluation was permitted to surface coverage gaps in the DCSL keyword vocabulary, 505 

which would be corrected through the standard continuous integration pipeline with 506 

full 121-vignette regression testing prior to release. 507 

Use of large language models 508 

In accordance with BMC policy on reporting the use of large language models, we 509 

disclose the following: the 120-vignette validation reported in this paper used 510 

Anthropic Claude Haiku 4.5 (model identifier claude-haiku-4-5-20251001) as the free-511 

text symptom classifier. Following validation, the BIZUSIZO production system was 512 

upgraded to Claude Sonnet 4 (model identifier claude-sonnet-4-20250514) to address 513 

language-specific ceiling effects identified in Xitsonga and Tshivenda during post-514 

validation regression testing (see Stress Testing Findings and Limitations); formal 515 

validation of the Sonnet 4 configuration on an independent held-out vignette set is 516 

planned prior to the prospective pilot. Claude Haiku 4.5 is retained in the current 517 

production pipeline as the independent verification agent for high-acuity AI 518 

classifications. During manuscript preparation, the author used Anthropic Claude to 519 

assist with literature search structuring, stress test development, and document 520 

formatting. During vignette development, the author used ChatGPT (OpenAI) and 521 

Anthropic Claude to assist with drafting and refining clinical vignette scenarios. All 522 

vignette content was reviewed, edited, and approved by the author against SATS clinical 523 

discriminators; final clinical accuracy and appropriateness remain the author’s 524 

responsibility. The author reviewed and edited all content and takes full responsibility 525 

for the content of the publication. 526 
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Results 527 

Overall system performance 528 

All performance metrics reported in this section refer to the 1 April 2026 full 120-529 

vignette re-run of the Claude Haiku 4.5 configuration described in Methods; this re-run 530 

supersedes an earlier 30–31 March 2026 validation whose reconciliation is detailed in 531 

the Correction Note submitted as Additional file 4. The system achieved an under-triage 532 

rate of 3.3% (4/120; 95% CI: 0.9%–8.3%), with zero RED under-triage observed within 533 

the tested vignette set (Table 2). Exact concordance with the developer-derived 534 

reference standard was 80.0% (96/120). This concordance should be interpreted as 535 

internal consistency with the system’s design framework rather than external clinical 536 

validity. The over-triage rate was 16.7% (20/120; 95% CI: 10.5%–24.6%). This rate sits 537 

within the range reported in published SATS validation studies in South African clinical 538 

settings, which span 13.1% among prehospital EMS providers [10] to 49% at a rural 539 

district hospital emergency centre [14]. Agreement within one SATS level was 98.3% 540 

(118/120). Two cases were classified more than one level from gold standard: V054 541 

(isiZulu deep laceration vignette, gold-standard YELLOW, classified RED — a two-level 542 

over-triage) and V072 (isiXhosa boiling-water burns vignette, gold-standard ORANGE, 543 

classified GREEN — a two-level under-triage). V072 is discussed further in Discussion 544 

and Limitations. This within-one-level figure is broadly comparable to the 100% 545 

agreement within one level reported among nurses in Pakistan using SATS [13]. 546 

Quadratic weighted Cohen’s kappa was 0.891 (bootstrap 95% CI: 0.827–0.932; 2,000 547 

replicates), indicating almost perfect agreement. Per-language kappa was 0.916 548 

(English), 0.846 (isiZulu), 0.877 (isiXhosa), and 0.925 (Afrikaans). The wide confidence 549 

intervals for under-triage (0.9%–8.3%) and over-triage (10.5%–24.6%) reflect the 550 
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small sample size and low event rate for the primary safety outcome; these intervals 551 

should be interpreted as indicating substantial uncertainty around the point estimates 552 

rather than narrow bounds on true performance. All 120 AI classifications exceeded the 553 

predefined confidence threshold (≥75%), indicating that the AI model classified with 554 

high certainty even when it over-triaged; high AI confidence did not preclude over-555 

triage, indicating that the model’s conservatism is a systematic property of its 556 

classification behaviour rather than a product of uncertainty. 557 

 558 

 559 

 560 

 561 

 562 

 563 

Table 2 Overall validation performance benchmarked against published SATS studies 564 

(n = 120) 565 

Metric Result Target 

Published SATS 

benchmark 

Under-triage rate 3.3% (4/120; 95% CI: 

0.9%–8.3%) 

– Zithulele in-hospital: 9% 

[14]; EMS: 29.5% [10] 

Over-triage rate 16.7% (20/120; 95% 

CI: 10.5%–24.6%) 

– Zithulele: 49% [14]; EMS: 

13.1% [10] 
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Metric Result Target 

Published SATS 

benchmark 

Exact concordance 80.0% (96/120) – EMS providers: 56.5% [10] 

Agreement within 1 

SATS level 

98.3% (118/120) – Pakistan nurses: 100% 

within 1 level [13] 

Quadratic weighted 

kappa 

0.891 (bootstrap 95% 

CI: 0.827–0.932) 

– – 

RED sensitivity 100% (20/20) 100% Deterministic – no AI 

dependency 

AI confidence <75% 0/120 (0.0%) – 100% of classifications were 

high-confidence 

Performance by triage level 566 

Performance varied systematically by gold standard triage level (Table 3). All 20 RED 567 

cases in the test set were correctly identified (100% concordance within the tested 568 

vignette set). All RED classifications were generated by the deterministic safety layer 569 

rather than the AI classifier, meaning this result reflects rule coverage rather than 570 

model performance. Emergency detection did not depend on AI availability or 571 

confidence. Of 32 ORANGE cases, 10 were correctly classified, 18 were over-triaged to 572 

RED, 3 were under-triaged to YELLOW (V041 isiZulu head trauma with loss of 573 

consciousness; V042 isiZulu boiling-water burns to palms; V103 Afrikaans acute 574 

confusion in a diabetic patient), and 1 was under-triaged to GREEN (V072 isiXhosa 575 

boiling-water burns with blistering skin — a two-level under-triage discussed in detail 576 

in the Discussion and Limitations). Over-triaged ORANGE presentations included febrile 577 
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seizures, thunderclap headache, open fracture, acute stroke symptoms with focal 578 

neurology, and pre-eclampsia – presentations where RED and ORANGE are clinically 579 

adjacent on text-based assessment alone. Of 44 YELLOW cases, 43 were correctly 580 

classified and 1 was over-triaged to RED (V054 isiZulu deep laceration with bleeding 581 

controlled — a two-level over-triage). Of 24 GREEN cases, 23 were correctly classified 582 

and 1 was over-triaged to YELLOW (mechanical back pain after heavy lifting, classified 583 

YELLOW due to inability to exclude nerve involvement on text-based assessment). One 584 

two-level over-triage event and one two-level under-triage event were observed; both 585 

are named above and discussed in the Discussion. 586 

 587 

 588 

 589 

 590 

 591 

 592 

 593 

Table 3 Validation performance by gold standard triage level (n = 120) 594 

Gold 

standard n Correct 

Over-

triaged 

Under-

triaged Pattern 

RED 20 20 

(100%) 

0 (0%) 0 (0%) All caught by DCSL 
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Gold 

standard n Correct 

Over-

triaged 

Under-

triaged Pattern 

ORANGE 32 10 (31%) 18 (56%) 4 (13%) 18 RED, 3 YELLOW, 1 

GREEN 

YELLOW 44 43 (98%) 1 (2%) 0 (0%) 1 classified RED (V054, 

2-level over) 

GREEN 24 23 (96%) 1 (4%) 0 (0%) 1 classified YELLOW 

Total 120 96 

(80.0%) 

20 

(16.7%) 

4 (3.3%)  

 595 

Stress testing findings 596 

Stress testing of the DCSL, conducted iteratively across development, revealed three 597 

critical bugs that were subsequently corrected prior to formal validation, and informed 598 

the development of a comprehensive 121-vignette multilingual regression test suite. 599 

First, the cardiac emergency override required the exact phrase ‘shortness of breath,’ 600 

but patients in the vignettes used ‘can’t breathe’ – the most common patient phrasing 601 

for respiratory distress. Second, the isiXhosa word for breathing (‘akasenakuphefumla’) 602 

did not match the isiZulu variant in the DCSL (‘akaphefumuli’), creating a language-603 

specific safety gap. Third, the phrase ‘bitten by a snake’ did not match the coded trigger 604 

‘snake bite,’ meaning a natural English description of envenomation would fail to trigger 605 

the safety override. All three bugs were corrected by expanding keyword matching to 606 

natural patient language variants, and three additional override categories 607 

(overdose/poisoning, anaphylaxis, and major trauma) were added. After correction, the 608 
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DCSL achieved 100% sensitivity on the validation test suite, with no false positives 609 

observed across the 120 validation vignettes. These findings underscore the importance 610 

of testing safety systems with patient-language inputs rather than clinical terminology. 611 

After formal validation, we implemented a continuous integration pipeline that runs the 612 

full 121-vignette DCSL regression test on every code deployment. This study introduces 613 

continuous post-deployment safety assurance as a design principle for digital triage 614 

systems, whereby a full clinical regression test suite is executed on every deployment 615 

with automatic release blocking on detection of any safety failure. Prior to pilot launch, 616 

the triage AI model was upgraded from Claude Haiku 4.5 to Claude Sonnet 4, resolving 617 

language-specific ceiling effects identified in Xitsonga and Tshivenda during regression 618 

testing. Subsequent CI runs confirmed a full pass on the 121-vignette DCSL regression 619 

suite (121/121) and consistent RED classification across all 11 languages for critical 620 

chest pain presentations within that suite. If any under-triage failure or critical language 621 

drift is detected, the deployment is blocked. Results are stored in a structured database, 622 

creating an ongoing audit trail of system safety that will support longitudinal 623 

monitoring as the system evolves. Subsequent regression testing conducted following 624 

expansion of DCSL keyword coverage to all 11 official languages identified five 625 

previously silent parse errors in isiXhosa vignettes (cases V050, V065, V070, V072, 626 

V073) that had returned classification errors rather than triage values; these were 627 

resolved prior to pilot deployment. No false positives were introduced by the language 628 

expansion, and zero new under-triage failures were detected, further confirming the 629 

value of running safety tests using patient-language inputs across all supported 630 

languages. 631 
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Framing sensitivity results 632 

In the AI-only condition using a simplified baseline prompt, 28 of 55 RED control cases 633 

(50.9%) were classified as RED under both neutral and adversarial framings. This result 634 

directly replicates the framing vulnerability documented by Yun et al. [21] on the 635 

underlying language model, confirming that AI-only classification is not robust to 636 

adversarial patient framing even for life-threatening presentations. 637 

In the full-pipeline condition using the production system prompt with explicit SATS 638 

clinical discriminators, DCSL, and risk factor assessment, RED invariance increased to 639 

95.0% (19/20) in the four fully validated languages (English, isiZulu, isiXhosa, 640 

Afrikaans). The two denominators are not directly comparable: the AI-only RED 641 

invariance figure (28/55) covers all 11 official languages, whereas the full-pipeline 642 

figure (19/20) is restricted to the four languages with fully validated DCSL keyword 643 

coverage at the time of evaluation. The comparison should therefore be read as 644 

indicative of the direction and approximate magnitude of the DCSL’s contribution to 645 

framing robustness rather than as a like-for-like effect size; a language-matched 646 

analysis across all 11 languages will be conducted once DCSL keyword coverage is 647 

validated for the remaining seven languages. Of 23 cases in which the primary AI 648 

classifier drifted to a lower triage level under adversarial framing, 18 were rescued by 649 

DCSL keyword matching, with the remaining 5 flagged for nurse review through the 650 

low-confidence routing pathway. No cases were under-triaged to a level below ORANGE 651 

in the full-pipeline condition within the four validated languages. 652 

The evaluation additionally identified a class of systematic coverage gaps in the 653 

Afrikaans DCSL keyword vocabulary: noun and verb form variants of pregnancy and 654 

bleeding terminology were absent from five pregnancy-related discriminator rules 655 
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(obstetric haemorrhage, pre-eclampsia, preterm labour, pregnancy complication, and 656 

the GREEN pregnancy safety net). These gaps were not detected by the primary 120-657 

vignette validation or by the 121-vignette DCSL regression suite, because both used 658 

predominantly verb-form patient phrasing that matched existing keywords. The 659 

adversarial framing evaluation, by varying surface phrasing while holding clinical 660 

content constant, exposed cases where alternative grammatical forms of the same 661 

clinical concept failed to trigger the deterministic override. Coverage was corrected by 662 

expanding the affected rules to include both noun and verb form variants, with 121/121 663 

DCSL regression tests confirming zero regressions post-fix prior to manuscript 664 

submission. 665 

This finding is reported not as a negative safety result but as evidence that framing 666 

sensitivity evaluation functions as a distinct class of safety audit: systematic keyword 667 

coverage gaps that are invisible to clinical scenario-based validation become visible 668 

when surface linguistic variation is introduced while holding clinical content constant. 669 

We suggest this class of evaluation as a complementary component of safety assurance 670 

for rule-based clinical safety layers in multilingual settings. 671 

Discussion 672 

This study introduces a hybrid deterministic-probabilistic safety architecture with 673 

continuous integration-based clinical regression testing as a deployment gate for AI-674 

assisted triage. In this study, safety is operationalised as minimisation of under-triage – 675 

specifically, failure to identify life-threatening presentations classified as RED. BIZUSIZO 676 

achieved an under-triage rate of 3.3% (4/120) across 120 clinical vignettes spanning 677 

four South African languages, with no RED under-triage observed within the tested 678 

vignette set. This compares favourably with published SATS benchmarks. Published 679 
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SATS validation benchmarks include 9% under-triage at Zithulele Hospital, a rural 680 

South African district hospital where trained nurses applied SATS in the emergency 681 

department [14], and 29.5% among prehospital EMS providers in the Western Cape 682 

[10]. The finding indicates that the hybrid deterministic-probabilistic safety 683 

architecture – combining AI classification, DCSL overrides, and one-directional risk 684 

factor adjustment – is effective at preventing the most clinically dangerous form of 685 

triage error, while one two-level under-triage event on a non-RED (ORANGE) 686 

presentation was observed and is discussed below as a specific architectural gap. 687 

Over-triage as a design feature 688 

The over-triage rate of 16.7% is within the range of 13.1%–49% reported in published 689 

SATS validation studies in South African clinical settings [10, 14] and is clinically 690 

defensible for a text-based triage system operating without physical examination. 691 

BIZUSIZO cannot take vital signs, palpate an abdomen, or visually assess a patient. 692 

Without these data, classifying upward is the correct conservative behaviour. The AI 693 

system prompt explicitly instructs the model to ‘classify up when in doubt, never down,’ 694 

and the risk factor assessment can only upgrade triage level. This means patients with 695 

chronic conditions prevalent in the South African public healthcare population – HIV, 696 

hypertension, diabetes – will be systematically upgraded, which is clinically appropriate 697 

given the high prevalence of multimorbidity and the greater harm associated with 698 

underdiagnosis compared to overdiagnosis in this context. Lower-than-expected over-699 

triage may also reflect structured vignette clarity; real-world deployment may yield 700 

higher over-triage rates as symptom descriptions become more ambiguous and 701 

incomplete. The observed over-triage rate should not be interpreted as indicating 702 

under-sensitivity; rather, it likely reflects the controlled framing of vignette inputs and 703 
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may increase under real-world conditions. One two-level over-triage was observed 704 

(V054, isiZulu deep laceration vignette classified RED against gold-standard YELLOW); 705 

this is an isolated event on a non-emergency presentation, operationally consistent with 706 

the system’s conservative bias toward upward misclassification. 707 

The over-triage was most common among ORANGE cases, where presentations 708 

including febrile seizures, thunderclap headache, open fracture, stroke symptoms, and 709 

pre-eclampsia were classified RED rather than ORANGE at high AI confidence. These are 710 

genuinely dangerous presentations where ambiguity between ORANGE and RED exists 711 

on text-based assessment alone. The operational difference between RED (‘call an 712 

ambulance’) and ORANGE (‘go to the emergency unit immediately’) is small: both result 713 

in immediate emergency care, and a clinician assessing these presentations without 714 

physical examination might equally classify them as RED. Nevertheless, the 56% RED 715 

misclassification rate among ORANGE cases has real system-level consequences: if 716 

sustained in deployment, it would direct a substantial proportion of very-urgent 717 

patients to emergency units rather than fast-track clinic assessment. To scale this 718 

concern: in a primary healthcare catchment where ORANGE-level presentations 719 

constitute approximately 10–15% of urgent self-referrals, a sustained 56% 720 

ORANGEGRED misclassification rate would translate into roughly 6–8% of all digitally-721 

triaged patients being redirected from primary care to emergency services 722 

unnecessarily. At a facility handling 200 pre-arrival triaged patients per day, this 723 

represents an additional 12–17 daily emergency-unit arrivals attributable to AI 724 

classification drift alone – an operationally meaningful load that must be weighed 725 

against the safety benefit of conservative classification. This estimate is illustrative 726 

rather than predictive; actual impact depends on local presentation mix, nurse 727 
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correction rates, and the degree to which patients act on the assigned disposition. This 728 

is operationally distinct from the 16.7% overall over-triage rate and warrants specific 729 

monitoring in the pilot. The planned nurse Agree/Disagree feedback mechanism will 730 

generate prospective data on whether clinicians accept or correct these RED 731 

classifications, providing an empirical basis for recalibrating the system prompt’s 732 

conservative bias at the ORANGE/RED boundary. Sustained over-triage may shift 733 

system burden from primary care to emergency units rather than reducing it; this will 734 

be monitored in the pilot through facility-level load metrics and nurse Agree/Disagree 735 

rates stratified by triage colour. 736 

Concordance in context 737 

Exact concordance of 80.0% with the developer-derived reference standard exceeds the 738 

70% benchmark and compares favourably with the 56.5% achieved by prehospital EMS 739 

providers [10]. Prehospital SATS provides the closest methodological analogue to 740 

WhatsApp-based triage, as both operate without access to physiological measurements 741 

or physical examination. This requires direct explanation. First, the 70% concordance 742 

target derives from in-hospital SATS studies where clinicians have access to vital signs 743 

and physical examination – conditions unavailable to pre-arrival digital triage [9, 13]. A 744 

more appropriate comparator is the prehospital EMS context (56.5% concordance, 745 

29.5% under-triage [10]), which shares the constraint of remote assessment; against 746 

this benchmark, BIZUSIZO achieves lower concordance but a more conservative safety 747 

profile with substantially lower under-triage. Second, 116 of 120 (96.7%) 748 

misclassifications in this study were upward; four were downward (V041, V042, V072, 749 

V103 — all ORANGE gold-standard cases under-triaged by the AI classifier). In a self-750 

presenting PHC population, the consequences of over-triage – unnecessary emergency 751 
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attendance – are operationally manageable and clinically recoverable; the consequences 752 

of under-triage – delayed care for a genuine emergency – are not, which is why V072 (a 753 

two-level ORANGEGGREEN under-triage on a burns vignette) is treated as the study’s 754 

most consequential finding and addressed in its own paragraph below. Third, 98.3% 755 

agreement within one SATS level (118/120), comparable to 100% within one level 756 

reported among nurses at Timergara Hospital, Pakistan [13], means nearly all errors 757 

are clinically adjacent rather than dangerously discordant. We acknowledge that 16.7% 758 

over-triage carries real operational costs in a resource-constrained system: patients 759 

unnecessarily directed to emergency units consume nursing time and may deter future 760 

use. Whether the over-triage rate observed in vignette testing persists in clinical 761 

practice – where presentation complexity, nurse review, and contextual judgment may 762 

modify outcomes – requires prospective validation. 763 

A two-level under-triage event: V072 and the ORANGE-level DCSL gap 764 

The single two-level under-triage event in this study (V072) warrants specific 765 

discussion. The vignette described a 44-year-old woman presenting in isiXhosa with 766 

boiling-water burns to her hands and blistering, peeling skin (“amanzi ashisayo 767 

andilukuhla izandla, isikhumba siziwa sibuhlungu kakhulu futhi siyaxoka”). The gold-768 

standard SATS classification was ORANGE, reflecting that burns with skin blistering 769 

warrant urgent assessment within 30 minutes. The Haiku 4.5 classifier assigned GREEN 770 

at 0.85 confidence with the following reasoning: “Hot water contact with hand burns 771 

and painful blistering skin. No indicators of severe burns (boiling water on significant 772 

body area, deep tissue damage, or airway involvement). Localized thermal injury 773 

manageable at PHC level with wound care and analgesia.” The classifier’s reasoning is 774 

internally coherent — it correctly identified that the burn was not RED-level (not large 775 
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body area, not airway-involving) — but failed to recognise that blistering burns on the 776 

hands meet ORANGE-level criteria regardless of total body surface area. The DCSL did 777 

not catch this error because the deployed rule set at validation time contained RED-778 

level burns discriminators (severe burns >20% BSA, anaphylaxis) but no ORANGE-level 779 

burns rule. This is an architectural gap rather than a model failure: the hybrid 780 

deterministic-probabilistic design depends on DCSL rules to backstop AI classifications 781 

at every acuity level, and the absence of an ORANGE-level burns discriminator left the 782 

AI classification unconstrained. Adding a dedicated ORANGE-level burns rule (blistering 783 

burns, full-thickness burns on functional areas such as hands or face) to the DCSL is a 784 

priority pre-pilot extension. More broadly, V072 demonstrates that the system’s safety 785 

depends not only on the DCSL catching RED-level presentations when the AI fails 786 

(which it did reliably across all 20 RED vignettes) but also on DCSL rules covering 787 

ORANGE-level safety-netting for presentations where AI classification is known to be 788 

error-prone. The framing sensitivity evaluation and the V072 finding together motivate 789 

systematic DCSL coverage expansion to ORANGE-level discriminators across the 790 

remaining clinical domains before prospective patient evaluation. 791 

AI-independent safety layer 792 

The DCSL was critical both during stress testing and as a design principle. During initial 793 

testing, the AI service returned errors for all 50 vignettes due to a deprecated model 794 

identifier – a real-world failure mode that would affect patients in production. Despite 795 

complete AI unavailability, the DCSL correctly identified all life-threatening 796 

emergencies in the test set, demonstrating that the safety layer operates independently 797 

of AI. The AI model functions as a probabilistic classifier within a bounded system; final 798 

triage assignment is governed by the DCSL. This architecture has significant 799 
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implications for digital health deployment in resource-constrained settings where AI 800 

service reliability cannot be guaranteed: the highest-risk clinical presentations should 801 

be caught by deterministic logic that requires no cloud connectivity, no model 802 

availability, and no computational resources beyond basic string matching. To the 803 

authors’ knowledge, this approach is not widely reported in the clinical digital health 804 

literature; the continuous integration safety pipeline described here may represent a 805 

contribution to safe AI deployment practice in clinical settings, subject to confirmation 806 

by systematic review. 807 

This three-layer architecture finds direct parallel in a large-scale real-world evaluation 808 

reported by Saenz et al. [20], who evaluated a multi-agent LLM system across 2,379 real 809 

patient encounters on a US nationwide telemedicine platform – the first clinician-810 

blinded real-world study of autonomous clinical AI at this scale. Their system achieved 811 

91.3% top-1 diagnostic concordance overall (96.3% with a safety confidence threshold 812 

applied), with zero emergency disposition errors across 76 cases. Critically, they argue 813 

that evaluating a model in isolation and evaluating a clinical system are not the same 814 

thing: the same model that may fail standalone can perform safely within a purpose-815 

built safety architecture – precisely the principle underlying BIZUSIZO’s DCSL design. 816 

Their “calibrated autonomy” framework – matching the degree of AI autonomy to task 817 

complexity and evidence base – maps directly onto BIZUSIZO’s triage-differentiated 818 

pathways: full self-care autonomy for GREEN, clinician-supported triage for YELLOW 819 

and ORANGE, and immediate human escalation for RED. However, two important 820 

differences limit direct comparison. First, their safety architecture is entirely AI-821 

dependent: there is no deterministic safety layer equivalent to the DCSL, meaning a 822 

hallucination on a life-threatening presentation would not be caught by a rule-based 823 
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override. Second, their system operates exclusively in English within a well-resourced 824 

US telemedicine infrastructure. BIZUSIZO extends this approach to a resource-825 

constrained context with deterministic AI-independent emergency detection across all 826 

11 South African official languages, WhatsApp-based delivery requiring no application 827 

installation or broadband connectivity, and load-shedding resilience through a rules 828 

engine that requires no cloud AI availability. Their staging validation framework – 829 

beginning with lower-complexity conditions and expanding as evidence accrues – also 830 

validates BIZUSIZO’s phased pilot approach at three Tshwane primary healthcare 831 

facilities (Eersterus Community Health Centre, Skinner Clinic, and Soshanguve 832 

Community Health Centre). 833 

Culturally-specific safety features 834 

The runtime minimisation detection mechanism described in this system represents, to 835 

the authors’ knowledge, a novel contribution to the clinical AI literature. No previously 836 

published clinical AI triage system has implemented real-time detection of patient 837 

minimisation language as a safety feature. This capability reflects a broader argument 838 

regarding the design of AI systems for healthcare contexts in low- and middle-income 839 

countries: safety features must be grounded in the specific cultural, linguistic, and 840 

health-seeking behaviour patterns of the target population rather than imported 841 

uncritically from high-income country settings. 842 

In South African primary healthcare, patient minimisation of symptoms is a well-843 

recognised phenomenon with roots in structural inequities, cultural norms around 844 

stoicism, and historical experiences of dismissive treatment within the public health 845 

system. Patients may describe chest pain as “not that bad” or preface symptom reports 846 

with apologies for seeking care. A monolingual system operating only in English would 847 
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be unable to detect equivalent patterns in isiZulu (“akusimbi kangako”), Sepedi (“ga se 848 

selo se segolo”), or Tshivenda (“a si tshithu tshihulwane”), among others. The 11-849 

language architecture of this system thus served not merely as a translation layer but as 850 

an enabler of culturally grounded safety mechanisms that would be architecturally 851 

impossible in monolingual deployments. 852 

It should be acknowledged that the current minimisation pattern library, while 853 

developed in consultation with the clinical team, has not yet undergone formal review 854 

by native speakers of all 11 languages. Linguistic nuance and regional variation may 855 

affect detection accuracy, and false positive or false negative rates have not been 856 

formally assessed. Future work should include participatory validation with native 857 

speakers and community health workers, as well as quantitative evaluation of detection 858 

performance across languages. Nevertheless, the architectural principle – that AI safety 859 

features should be responsive to culturally specific patient communication patterns – 860 

may have applicability beyond the South African context. 861 

From advisory AI to bounded autonomy 862 

The system described here is more accurately characterised as an agentic AI system 863 

with multi-layered bounded autonomy than as a conventional advisory clinical decision 864 

support tool. Six distinct layers of control govern the triage process: the primary AI 865 

classifier, the DCSL, the secondary verification agent, the governance wrapper 866 

(algorithmic risk upgrades, drift detection, disparity monitoring), nurse override 867 

authority, and autonomous follow-up agents that conduct post-triage monitoring 868 

without clinician initiation. Different components operate at different levels of 869 

autonomy, with deterministic safety constraints bounding probabilistic AI behaviour at 870 

each layer. As regulatory frameworks for clinical AI continue to develop, the concept of 871 
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bounded autonomy – AI agents taking constrained actions within defined safety 872 

envelopes – may offer a more productive framing than binary distinctions between 873 

autonomous and advisory systems, particularly in resource-constrained settings where 874 

clinical workforce shortages necessitate greater system autonomy while safety 875 

imperatives demand robust constraint mechanisms. 876 

Evaluation as safety infrastructure 877 

In regulated healthcare AI, evaluation is most appropriately treated as safety 878 

infrastructure rather than quality assurance. BIZUSIZO’s evaluation framework reflects 879 

this principle through 121 deterministic DCSL test cases across all 11 official languages, 880 

120 clinical vignettes with AI regression testing, 220 framing-paired classification calls 881 

across all 11 languages, a continuous integration pipeline that blocks deployment on 882 

any safety failure, and continuous nurse concordance monitoring through the clinic 883 

dashboard Agree/Disagree mechanism. Evaluation budget and effort in this system 884 

deliberately mirrors the weight placed on safety assurance rather than feature testing. 885 

Health system resilience 886 

Okethwangu et al. [16] conducted a systematic review of 55 studies across 48 African 887 

countries and identified seven attributes of resilient health systems: community 888 

engagement, leadership and governance, learning and adaptation, service delivery, 889 

surveillance and laboratory capacity, innovation, and health education. BIZUSIZO’s 890 

architecture addresses all seven: community engagement through WhatsApp-based 891 

access in all 11 South African official languages with automated follow-up; governance 892 

through a four-pillar Stanford-adapted monitoring framework with nurse feedback 893 

loops; learning through 121-vignette DCSL regression testing and longitudinal clinical 894 
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pattern detection; service delivery through integrated triage-to-queue-to-follow-up 895 

pathways with cross-clinic interoperability; surveillance through NICD-aligned 896 

syndromic outbreak detection monitoring seven syndromes; innovation through a 897 

three-layer AI safety architecture with deterministic clinical override and FHIR R4 898 

interoperability; and health education through contextualised self-care advice and 899 

CCMDD awareness messaging. Notably, preparedness – the most neglected resilience 900 

capacity, mentioned in only 5% of the reviewed studies – is operationalised at the 901 

patient interaction level through pre-arrival alerts, real-time outbreak surveillance, 902 

longitudinal pattern flags for undiagnosed conditions, and after-hours urgency-903 

differentiated routing. 904 

AI hallucination containment 905 

A critical concern in deploying large language models in clinical settings is AI 906 

hallucination – the generation of plausible but factually incorrect outputs. Published 907 

evaluations of large language models applied to clinical and medical question-908 

answering tasks have documented hallucination as a consistent and domain-dependent 909 

failure mode [17, 18]. A structured independent evaluation of ChatGPT Health found 910 

that it under-triaged 52% of nuanced high-acuity emergencies including diabetic 911 

ketoacidosis and impending respiratory failure, often recognising danger in its own 912 

reasoning but still advising patients to defer care [19]. This finding illustrates precisely 913 

the failure mode that BIZUSIZO’s three-layer containment architecture is designed to 914 

prevent: the DCSL classifies life-threatening presentations independently of AI output, 915 

so that the failure mode observed in AI-only systems – recognising risk but failing to act 916 

on it – cannot affect the highest-stakes triage decisions. Unlike AI-only triage systems 917 

where hallucination directly impacts patient outcomes, BIZUSIZO’s deterministic 918 
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clinical safety layer (DCSL) operates independently of the language model, ensuring that 919 

life-threatening presentations are correctly classified regardless of AI output quality. 920 

This architecture distributes the hallucination risk across three independent 921 

verification layers – AI classification, deterministic rules engine (~960 keyword 922 

patterns across 53 discriminators in all 11 languages), and clinician review – rather 923 

than concentrating it in a single point of failure. The hallucination problem is contained, 924 

not eliminated, which we argue is the appropriate engineering response for clinical 925 

decision support in resource-limited settings. 926 

The empirical framing sensitivity evaluation reported in Methods and Results provides 927 

direct evidence for this containment claim: AI-only RED invariance under adversarial 928 

framing was 50.9%, consistent with Yun et al. [21], while the full pipeline with DCSL 929 

achieved 95.0% RED invariance in validated languages, with the DCSL rescuing 18 of 23 930 

AI drift cases. The evaluation additionally surfaced Afrikaans DCSL keyword coverage 931 

gaps – noun and verb form variants of pregnancy and bleeding terms absent from five 932 

pregnancy-related rules – which were corrected through the continuous integration 933 

pipeline prior to manuscript submission, with 121/121 DCSL regression tests 934 

confirming zero regressions. This demonstrates that framing sensitivity analysis 935 

functions as a distinct safety audit tool: systematic keyword coverage gaps of this class 936 

are not detectable through standard vignette validation alone. 937 

This architectural position is further supported by Bean et al. [22], who found that large 938 

language models scoring 94.9% in controlled condition identification dropped to below 939 

34.5% accuracy when deployed with 1,298 real users – performing worse than patients 940 

using a search engine. The failure point was not model knowledge but human-LLM 941 

interaction: incomplete symptom descriptions, inconsistent model responses to similar 942 
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inputs, and the transmission gap between AI output and patient action. BIZUSIZO’s 943 

architecture is designed to contain all three failure modes: the structured 15-category 944 

symptom menu and symptom completeness check reduce incomplete inputs by 945 

replacing free-text description with structured selection or by eliciting clarification; the 946 

DCSL provides framing-invariant safety classification independent of conversational 947 

dynamics; and the nurse-in-the-loop governance framework closes the transmission 948 

gap between AI recommendation and clinical action. 949 

Implications for health service delivery 950 

South Africa’s NHI Act contemplates an integrated national health system with a 951 

supporting health information platform (Sections 32, 34) [5]. BIZUSIZO extends this 952 

digital health direction by providing a pre-arrival triage layer that can redirect stable 953 

chronic patients to appropriate medication collection points while ensuring that 954 

patients with urgent needs are identified and directed to emergency care. The 955 

integration of GPS-based facility routing with triage classification means patients 956 

receive not only an urgency assessment but also a specific care destination, which may 957 

help mitigate the throughput-focused, volume-driven care experience that stakeholders 958 

in Johannesburg primary healthcare have described as ‘pushing numbers’ rather than 959 

attending to individual clinical need [1]. If chronic non-communicable disease, ART, and 960 

TB patients together make up approximately 50% of attendance at South African 961 

primary healthcare facilities [24], and pre-arrival triage successfully diverts a 962 

meaningful proportion of stable CCMDD-eligible patients to dedicated medication 963 

collection points, facility-level queue volumes could plausibly reduce with a 964 

corresponding improvement in consultation wait times for acute presentations. The 965 

specific magnitude of this effect will depend on the share of clinic attendance at each 966 
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pilot site that is attributable to stable chronic medication collection – a measurable 967 

baseline that will form part of pilot evaluation. Prospective measurement of diversion 968 

rates, queue times, and patient-reported waiting experience is a core endpoint of the 969 

planned pilot. In resource-constrained primary healthcare systems, sustained over-970 

triage may shift rather than reduce system burden, necessitating careful calibration and 971 

monitoring of over-triage rates during prospective deployment. 972 

The multilingual architecture addresses a critical barrier in South African healthcare 973 

delivery. Language discordance between healthcare providers and patients has been 974 

associated with reduced quality of care, patient dissatisfaction, and clinical errors [15]. 975 

By offering triage in all 11 official languages, BIZUSIZO reduces the linguistic exclusion 976 

that would otherwise accompany English-only digital health tools – a consideration 977 

particularly relevant for speakers of less-resourced languages such as Tshivenda, 978 

siSwati, and isiNdebele. WhatsApp-based delivery raises important considerations 979 

regarding digital equity and health literacy: patients without smartphone access, 980 

sufficient mobile data, or digital literacy may be systematically excluded, and these 981 

barriers require active mitigation through community health worker integration at pilot 982 

sites. 983 

Taken together, BIZUSIZO’s performance in this study reflects three deliberate design 984 

choices whose implications extend beyond this specific system. First, the architecture 985 

treats AI safety in clinical triage as a systems engineering problem rather than a model 986 

accuracy problem: deterministic overrides, one-directional risk adjustment, and multi-987 

agent verification constrain the AI classifier within a layered safety envelope, so that the 988 

clinical behaviour of the system does not reduce to the reliability of any single model. 989 

Second, the safety mechanisms are culturally grounded rather than imported: runtime 990 
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minimisation detection addresses a documented South African health-seeking pattern, 991 

and DCSL keyword vocabularies are expressed in patient language across 11 official 992 

languages rather than in clinical terminology, recognising that safety features designed 993 

for one linguistic and cultural setting do not transfer unchanged to another. Third, 994 

evaluation is operationalised as safety infrastructure rather than post-hoc quality 995 

assurance: the 121-vignette multilingual regression suite runs as a deployment gate on 996 

every code change, and the framing sensitivity evaluation demonstrated that systematic 997 

safety audits can surface coverage gaps invisible to scenario-based validation. These 998 

three design principles – layered architecture, culturally grounded mechanisms, and 999 

continuous evaluation as infrastructure – may generalise to other clinical AI systems 1000 

intended for deployment in multilingual, resource-constrained primary healthcare 1001 

settings. 1002 

Limitations 1003 

This study has several important limitations. First, the validation used clinical vignettes 1004 

rather than real patient interactions; formal pilot validation comparing BIZUSIZO triage 1005 

to independent nurse triage decisions is the necessary next step to establish external 1006 

validity. Vignette-based performance likely overestimates real-world accuracy due to 1007 

controlled symptom framing and absence of user interaction variability. Second, text-1008 

based triage inherently cannot capture vital signs, physical examination findings, or 1009 

visual symptoms, which limits the system’s ability to distinguish between triage levels 1010 

that depend on physiological data. Third, AI classification introduces model-dependent 1011 

variability: performance may differ with future model versions or alternative language 1012 

models. Fourth, the 120-vignette sample size, while consistent with published SATS 1013 

validation studies [10, 13], limits statistical power for subgroup analysis, with 30 cases 1014 

 . CC-BY 4.0 International licenseIt is made available under a 
 is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity. (which was not certified by peer review)

The copyright holder for this preprint this version posted April 22, 2026. ; https://doi.org/10.64898/2026.04.21.26349781doi: medRxiv preprint 

https://doi.org/10.64898/2026.04.21.26349781
http://creativecommons.org/licenses/by/4.0/


51 

per language in the primary validation. Fifth, the system was designed, built, and tested 1015 

by a single author, introducing potential bias in both the triage logic and the vignette 1016 

design; independent clinical governance review was provided by a registered nurse, and 1017 

formal external validation is planned. Sixth, sustained over-triage may erode patient 1018 

trust if patients are repeatedly directed to emergency care for non-urgent complaints, 1019 

potentially reducing engagement with the system over time. Real-world performance 1020 

may also differ due to variability in patient literacy, message length, and code-switching 1021 

complexity not fully captured in structured vignette scenarios. Seventh, while the 1022 

primary validation was conducted across four languages with structured safety 1023 

consistency testing across all 11 official languages using 121 DCSL vignettes, these are 1024 

not equivalent validation procedures and should not be interpreted as such. The 120-1025 

vignette validation reported in this paper was conducted using Claude Haiku 4.5. 1026 

Following validation, the 121-vignette DCSL regression suite identified language-1027 

specific ceiling effects in two languages on the Haiku 4.5 configuration: Xitsonga showed 1028 

systematic RED under-triage for chest pain with breathing difficulty and obstetric 1029 

haemorrhage, and Tshivenda showed probabilistic RED under-triage for chest pain 1030 

presentations. These were confirmed as model capability ceiling effects rather than 1031 

correctable logic errors. Prior to pilot deployment, the production classifier was 1032 

upgraded to Claude Sonnet 4; subsequent regression testing across 121 DCSL vignettes 1033 

and 11 languages on the Sonnet 4 configuration confirmed zero RED under-triage 1034 

failures and zero critical language drift. Because the Sonnet 4 upgrade occurred after 1035 

the 120-vignette validation described here, the performance figures reported in this 1036 

paper apply specifically to the Haiku 4.5 configuration. Formal validation of the 1037 

production Sonnet 4 configuration on an independent held-out vignette set — authored 1038 
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by investigators not involved in system development — is planned prior to the 1039 

prospective pilot and is a prerequisite for pilot commencement. 1040 

Eighth, the gold standard triage was assigned by the developer with independent 1041 

review by a registered nurse Clinical Governance Lead; inter-rater kappa is reported 1042 

above. Critically, discrepancies between the nurse rater and the developer were 1043 

resolved in favour of the developer’s classification. This means the concordance figure 1044 

of 80.0% reflects agreement between the system and its own developer’s classifications 1045 

rather than agreement with an independent clinical standard; readers should interpret 1046 

it accordingly. This constitutes incorporation bias: the evaluation measures agreement 1047 

between the system and a gold standard partially defined by its designer, which limits 1048 

interpretability as an independent validity measure and is the primary reason these 1049 

results should be treated as preliminary technical safety evidence rather than clinical 1050 

performance data. The gold standard therefore reflects a consensus-informed 1051 

approximation rather than a definitive clinical truth. While an independent expert panel 1052 

would represent the methodological gold standard, the dual-rater approach with 1053 

independent clinical verification provides a pragmatic approximation suitable for 1054 

preliminary safety validation; future validation will use multi-rater clinician panels. This 1055 

dual-rater approach mitigates but does not eliminate single-author bias. An 1056 

independent panel of emergency medicine specialists assigning gold standard ratings – 1057 

the methodological standard for triage validation studies – was not feasible for this 1058 

preliminary assessment, and this limits the external validity of the concordance results. 1059 

These findings should be interpreted as preliminary safety evidence supporting 1060 

progression to formal validation, not as definitive performance data. Prospective 1061 

validation using clinician-labelled real-world case logs, with gold standard assignment 1062 
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by a multi-rater panel of emergency medicine specialists independent of the 1063 

development team, is planned at three Tshwane pilot facilities (Eersterus Community 1064 

Health Centre, Skinner Clinic, and Soshanguve Community Health Centre) to establish 1065 

external validity beyond the current developer-led framework. Findings may not 1066 

generalise to populations with different language structures, healthcare-seeking 1067 

behaviour, or triage frameworks beyond the South African context. 1068 

Ninth, LLMs exhibit systematic sensitivity to question framing [21]. A post-hoc framing 1069 

sensitivity evaluation is reported in Methods and Results; briefly, AI-only classification 1070 

achieved 50.9% RED invariance under adversarial minimising framing, while full-1071 

pipeline classification achieved 95.0% RED invariance in validated languages, with the 1072 

DCSL rescuing 18 of 23 AI drift cases. The evaluation additionally surfaced Afrikaans 1073 

keyword coverage gaps that were corrected prior to submission. BIZUSIZO mitigates 1074 

framing risk through four mechanisms: a deterministic clinical safety layer that 1075 

operates on keyword matching rather than tone or framing, making it immune to 1076 

framing effects; a single-turn triage architecture that eliminates multi-turn 1077 

amplification; low AI temperature (0.1) reducing response variability; and a confidence 1078 

threshold that triggers patient clarification when the model is uncertain. Vignette-based 1079 

performance nonetheless likely underestimates real-world framing sensitivity, as 1080 

vignette inputs are more uniformly constructed than spontaneous patient descriptions. 1081 

Tenth, the minimisation detection patterns have not been formally validated for 1082 

sensitivity or specificity, and await participatory validation with native speakers of each 1083 

of the 11 languages. Eleventh, the verification agent and uncertainty-aware routing 1084 

mechanisms were implemented after the formal vignette validation and their impact on 1085 

triage safety has not been independently assessed. Twelfth, WhatsApp-based delivery 1086 
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systematically excludes patients without smartphones, mobile data, or digital literacy – 1087 

populations that may have the greatest need for healthcare navigation support. Finally, 1088 

the system has not been tested in the context of South Africa’s electricity supply 1089 

instability (load-shedding), although the DCSL’s independence from cloud AI provides 1090 

architectural resilience. A single two-level under-triage event (V072, isiXhosa burns 1091 

vignette) was observed in the reported validation; this is described in detail in 1092 

Discussion. Burns classification without visual inspection is a known edge case for text-1093 

based triage, and addition of an ORANGE-level burns discriminator to the DCSL is a 1094 

named pre-pilot priority. 1095 

Conclusions 1096 

In a developer-led preliminary safety assessment spanning 120 SATS-aligned clinical 1097 

vignettes across four languages, subsequently extended with a 121-vignette DCSL safety 1098 

consistency evaluation across all 11 official South African languages and a 220-call 1099 

framing sensitivity evaluation, BIZUSIZO achieved an under-triage rate of 3.3% (4/120) 1100 

with no RED emergencies missed within the primary validation vignette set, and 1101 

consistent detection of RED emergencies across all 11 official languages in structured 1102 

regression testing scenarios. A single two-level under-triage event on a non-RED 1103 

presentation (V072, isiXhosa burns vignette) was observed and is discussed in detail 1104 

above as a specific architectural gap in ORANGE-level DCSL coverage. The DCSL 1105 

correctly identified all life-threatening emergencies independent of AI within the 1106 

structured test suite. In the framing sensitivity evaluation, the full pipeline achieved 1107 

95.0% RED invariance under adversarial framing compared to 50.9% for AI-only 1108 

classification. Language-specific ceiling effects identified in Xitsonga and Tshivenda 1109 

during post-validation 121-vignette regression testing of the Haiku 4.5 configuration 1110 
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were resolved by upgrading the production AI classifier to Claude Sonnet 4 prior to 1111 

pilot deployment; formal validation of the Sonnet 4 production configuration on an 1112 

independent held-out vignette set is planned as a prerequisite for pilot commencement. 1113 

The primary limitation of this work is its developer-led design: the same author who 1114 

built the system designed the vignettes and assigned the gold standard. Every positive 1115 

finding must be interpreted in that light. The necessary and sufficient next step is a 1116 

prospective pilot concordance study in which BIZUSIZO’s pre-arrival triage is compared 1117 

against independent nurse triage at arrival, using real patient presentations, with gold 1118 

standard assignment by a panel of clinicians who had no role in the system’s 1119 

development. 1120 

South Africa’s NHI reform creates an implementation pathway for pre-arrival triage 1121 

infrastructure that did not previously exist. Whether BIZUSIZO or any comparable 1122 

system can reduce unnecessary emergency attendance, improve chronic medication 1123 

routing, and generate the longitudinal patient navigation data the NHI requires – 1124 

without concentrating clinical risk in a single AI point of failure – is an empirical 1125 

question that only prospective deployment can answer. The safety architecture 1126 

described here – specifically, deterministic override of life-threatening presentations 1127 

combined with automated regression testing and framing sensitivity evaluation as 1128 

deployment gates – may represent a generalisable approach to safe deployment of AI-1129 

assisted triage in resource-constrained settings. Whether this architecture translates 1130 

into improved clinical outcomes and system efficiency remains to be established 1131 

through prospective evaluation. More broadly, this work proposes that AI triage safety 1132 

in resource-constrained settings is most productively framed as a systems engineering 1133 
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problem – solved through layered deterministic constraints, multi-agent verification, 1134 

and continuous monitoring – rather than a model accuracy problem. 1135 

List of abbreviations 1136 

AI: artificial intelligence; API: application programming interface; ART: antiretroviral 1137 

therapy; BSA: body surface area; CCMDD: Central Chronic Medicine Dispensing and 1138 

Distribution; CI: confidence interval; CI/CD: continuous integration / continuous 1139 

deployment; DCSL: Deterministic Clinical Safety Layer; DoH: Department of Health; 1140 

EMS: emergency medical services; FHIR: Fast Healthcare Interoperability Resources; 1141 

GPS: Global Positioning System; HREC: Human Research Ethics Committee; IQR: 1142 

interquartile range; LLM: large language model; LOC: loss of consciousness; NHI: 1143 

National Health Insurance; NICD: National Institute for Communicable Diseases; PHC: 1144 

primary healthcare; PII: personally identifiable information; POPIA: Protection of 1145 

Personal Information Act; REF: referral identifier; SATS: South African Triage Scale; 1146 

SOP: standard operating procedure; TB: tuberculosis; TEWS: Triage Early Warning 1147 

Score. 1148 
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administered. Under the South African Department of Health Ethics in Health Research: 1154 

Principles, Processes and Structures (2nd edition, 2015), research not involving human 1155 
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Research Ethics Committee review. On this basis, formal review by the University of the 1157 

Witwatersrand Human Research Ethics Committee (Medical) was not sought for this 1158 

vignette-only technical safety evaluation, and no ethics committee reference number 1159 

applies to this study. Confirmation of exemption will be obtained from the Wits HREC 1160 

(Medical) should the journal or reviewers request it. The Clinical Governance Lead (SP, 1161 

registered nurse) provided independent blinded verification of the gold-standard triage 1162 

assignments in her professional capacity as a named team member of the system under 1163 

evaluation; her ratings were provided as part of system development and governance 1164 

rather than as a research subject. Formal ethics approval for the planned prospective 1165 

patient pilot at three Tshwane primary healthcare facilities (Eersterus Community 1166 

Health Centre, Skinner Clinic, and Soshanguve Community Health Centre) will be 1167 

obtained from the Wits HREC (Medical) before any patient data are collected. 1168 
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Not applicable. 1170 

Availability of data and materials 1171 

The 120 primary validation vignettes with gold standard triage assignments and the 1172 

DCSL source code are available from the corresponding author on request. The system 1173 
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