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1 Introduction

Triage, the first step of a patient’s visit to a hospital emergency department (ED), centres on a conversation. The triage
nurse elicits the chief complaint, the patient’s main reason for coming, gathers vital signs and history, and assigns
an urgency level from 1 (most urgent) to 5 (least urgent) on the Australasian Triage Scale (ATS; Australasian College
for Emergency Medicine, 2023) or the US Emergency Severity Index (ESL Gilboy et al., 2005). Triage is sequential,
because evidence arrives turn by turn, and time-constrained, because the more critical the patient, the less time the
nurse has to decide. Yet most evaluations of large language models (LLMs) for triage judge them on a written-up case,
the outcome of an interaction, rather than on the evidence available during it (Srirag et al., 2026a). To evaluate triage
as it unfolds, I define sequential clinical triage as predicting the urgency level from a growing prefix of the nurse—
patient conversation.

A system deployed in an ED must serve multilingual patients, for whom language barriers are linked to under-
estimated urgency (Rojas et al., 2023), and fit clinical workflows, including hospital infrastructure, privacy rules
(Srirag et al., 2026a) and the nurse’s final decision. Such a system is planned to be tested in three Sydney EDs with
patients who speak Arabic, the most spoken language in South Western Sydney after English (Cancer Institute NSW,
2023). This motivates my PhD (Figure 1), which develops a language technology for sequential triage that
preserves evidence across languages and dialects, updates its prediction as evidence arrives and is designed
for safe use in an ED.
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Figure 1: The running example at turn 1 and a later turn k, where p; is the system’s distribution over the five urgency levels after
turn t. The patient’s Lebanese Arabic differs from Modern Standard Arabic word for word but has the same English translation.
Highlighted text marks the evidence each turn adds. Red boxes name the open challenge each section addresses.

2 Prior Work

My prior work covers dialect robustness, translation across languages and the evaluation of sequential triage.

The accuracy of language models in understanding conversations drops in a dialect (Srirag et al., 2025a), and a
low-rank dialect adapter, trained with a contrastive loss between standard and dialectal representations, improves it
(Srirag et al., 2025b). BESSTIE (Srirag et al., 2025c), my sentiment and sarcasm benchmark for three English dialects,
shows that models fine-tuned on one dialect lose accuracy on another, so each dialect needs its own data. DiaLLM
(Painter et al., 2026) shows a gap between understanding a dialect and producing it, which matters for a system that
replies to patients in their dialect. In a white paper for the NSW Department of Education, I evaluated LLM translation
of school communication across 22 languages.’ I analysed its errors and its trade-off between cost and accuracy. This
motivates my work on dialect-robust translation of triage conversations (Section 3).

My survey (Srirag et al., 2026a) organises NLP in the ED by the three phases of emergency care, from triage to
discharge, and I teach it as a tutorial at AJCAI 2026.” This thesis addresses three open challenges that the survey iden-
tifies, noisy clinical inputs, evaluation and clinical validation and workflow constraints. Because regulation

thttps://apo.org.au/node/331605
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limits triage research to structured health records, I built TriageSim (Srirag et al., 2026b), a simulation framework that
turns these records into nurse—patient conversations with audio in four accents; a public release is under review on
PhysioNet. Using simulated and clinician-authored conversations, I showed that every LLM tested anchors on the chief
complaint when it triages turn by turn and falls short of clinicians (Srirag et al., 2026c). Evaluation on completed
records hides this failure, and prompting does not fix it. This motivates my planned work on measuring and reducing
anchoring (Section 4).

3 Dialect-Robust Translation of Triage Conversations

& Imagine a patient who speaks Lebanese Arabic and tells the nurse that she has had heartburn since the morning.

Spoken Arabic dialects differ from the standard written language in vocabulary and grammar (Zaidan and Callison-
Burch, 2014), and such language barriers are one source of noisy clinical inputs. Omissions are the most common
error made by medical interpreters (Flores et al., 2003). An omitted detail, such as when her pain began, never reaches
the triage model. Translation models can learn from quality feedback rather than from reference translations (He et al.,
2024), which are scarce for dialectal Arabic (El1 Mekki et al., 2026). In ongoing work, I develop LLM-based translation
between English and dialectal Arabic that learns from feedback on dialect, clinical content and implied meaning.
To measure whether translation preserves a conversation’s urgency level, I propose to extend TriageSim to dialectal
English and dialectal Arabic. The same conversations allow a comparison of triage after translation with triage in the
source language. Since triage is time-constrained, a further question is how simultaneous translation, which translates
while the patient speaks (Ma et al., 2019), trades latency against accuracy.

4 Measuring and Reducing Anchoring in Sequential Triage

& Several turns later, the same patient mentions that the pain spreads to her left arm.

This late warning sign should raise her urgency, yet LLMs pick up such details without using them to revise their
estimate (Srirag et al., 2026¢). A similar failure appears outside medicine, where LLMs make assumptions in early
turns and do not recover (Laban et al., 2025). Writing p; for a model’s distribution over the five urgency levels after
turn ¢, I propose to measure how far p, should move from p;_; as the information turn ¢ adds about the correct level,
and to compare models’ shifts with clinicians’, which addresses evaluation and clinical validation. Methods that
track an explicit patient state that each turn revises (Mrksi¢ et al., 2017) or weigh each turn by the information it adds
may reduce anchoring. I will test them on TriageSim conversations in which a late turn changes the correct level.

5 Compact, Jailbreak-Resistant Models with Nurses in the Loop

& The system then suggests a level for this patient, and the nurse decides.

Published work reports no language technology deployed in an ED workflow (Srirag et al., 2026a), and a model’s
accuracy in isolation does not carry over to the decisions of the people who use it (Bean et al., 2026). Among workflow
constraints, sending her conversation to the system’s current models, which are served through external APIs,
conflicts with health privacy requirements (Srirag et al., 2026a). In its replies to her, the system must neither give
harmful advice nor reveal other patients’ details. I propose to explore compact models, built with low-rank adaptation
and quantisation, that need no external API In upcoming work, I will refine an open foundation model for the medical
domain to resist jailbreaks that elicit harmful advice or private details, while preserving its clinical usefulness. Since
non-English prompts can bypass the safety training of LLMs (Deng et al., 2024), the compact models must be tested
against the same attacks phrased in dialectal Arabic or dialectal English. Finally, a usability study in Sydney EDs
will compare the system with standard triage with interpreter services, which extends the evaluation and clinical
validation of Section 4. The study will examine how nurses accept, change or override the system’s suggestions, since
time pressure invites over-reliance on automated suggestions (Goddard et al., 2012).

6 Applications Beyond Triage

Dialect-robust translation can serve legal aid and customer support for speakers of dialects. Simultaneous translation
trades latency against accuracy, as do systems that act before all the evidence has arrived, such as fraud detection and
trading. Measuring whether a model’s updates match the information each turn adds applies to LLM agents that work
with users over many turns (Laban et al., 2025). Compact models that resist jailbreaks in dialects suit domains where
data cannot leave the organisation, such as law and finance. I aim to build language technology that works across
dialects and updates its predictions as evidence arrives.
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