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ABSTRACT Personalized customer messaging in healthcare increasingly relies on natural language
processing to bridge clinical language, service interactions, and patient-facing communication across
many languages. Healthcare organizations must communicate appointment logistics, medication reminders,
follow-up instructions, billing clarifications, and service recovery messages while adapting tone, reading
level, and cultural framing to an individual. At the same time, message generation must be constrained
by privacy, safety, and regulatory requirements, and must not blur the boundary between informational
support and medical advice. This paper examines technical foundations for building multilingual NLP
systems that transform heterogeneous clinical and service text into safe, personalized customer messaging.
It analyzes data pipelines that combine structured records with free-text notes and contact-center transcripts,
representation learning for cross-lingual clinical semantics, and controlled generation methods that enforce
factuality, provenance, and policy constraints. The discussion emphasizes personalization that is clinically
and operationally grounded, including preference learning from interaction histories, dynamic user state
estimation, and uncertainty-aware decision rules that govern when to ask clarifying questions or route
to human staff. Evaluation is treated as a multi-objective problem spanning semantic fidelity, readability,
cultural and linguistic adequacy, bias and equity, and safety-related failure modes such as hallucinated
instructions or inadvertent disclosure. Deployment considerations include monitoring drift across languages
and sites, audit logging, redaction, and governance workflows that encode institutional policy. The goal is
to present a cohesive modeling and systems view for multilingual healthcare messaging that is rigorous
while remaining compatible with real-world constraints.

I. Introduction

Healthcare customer messaging sits at a complicated inter-
face between clinical content and service operations [1]. A
single outbound message may need to incorporate scheduling
constraints from the appointment system, clinical constraints
from a care plan, administrative constraints from insur-
ance and billing, and individualized preferences such as
preferred language, channel, formality, accessibility needs,
and reading level. Unlike generic personalization in retail
or entertainment, healthcare personalization can carry safety
implications because small linguistic shifts can change per-
ceived urgency, implied authorization, or the interpretation of
instructions. The technical problem is therefore not simply
to generate fluent text, but to generate text that is correct
relative to authoritative sources, aligned with institutional
policy, consistent with a patient’s context, and appropriate

within cultural and linguistic norms. Multilingual settings
amplify these demands because translation and localiza-
tion are not only lexical mapping problems; they involve
pragmatic choices about politeness, honorifics, indirectness,
and culturally specific ways of referencing time, family
involvement, and clinical concepts.

The inputs that drive customer messaging are heteroge-
neous. Clinical text includes clinician notes, discharge sum-
maries, problem lists, radiology impressions, and medication
instructions [2]. Service text includes call-center logs, chat
transcripts, email threads, complaint narratives, and prior
outbound campaigns. These sources differ in style, abbre-
viations, code-switching patterns, and degrees of formality.
Clinical notes can be telegraphic and filled with institution-
specific shorthand, while service interactions may contain
colloquialisms, emotional expressions, and partial informa-
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I INTRODUCTION

¾ Clinical systems
EHR, scheduling, orders

Ü Service channels
calls, chat, email

� Consent & policy
channel + content rules

À Message plan
facts + constraints

¨ Vetted retrieval
approved snippets

� Controlled generation
tone + readability + locale

¦ Verification
slots, numbers, policy

k Dispatch
SMS/email/voice/portal

¢ Monitoring & audit
drift, logs, review

FIGURE 1: End-to-end architecture for multilingual healthcare customer messaging: heterogeneous clinical and service inputs are filtered by consent
and institutional policy, converted into a structured message plan, grounded via retrieval of approved phrasing, adapted through controlled multilingual
generation, and validated by verification checks before channel dispatch. Continuous monitoring and audit logging close the loop for governance and
incident response.

tion. The modeling challenge is to reconcile these sources
into a unified, privacy-preserving representation that supports
content selection, tone control, and language generation
without losing clinically relevant nuance.

Personalized messaging objectives also differ by use case.
Operational messages may be constrained to administrative
content, such as reminders to bring identification, instruc-
tions for fasting prior to a procedure, or clarifications about
copays. Engagement messages may aim to improve adher-
ence, encourage follow-up, or support patient navigation
[3]. Service recovery messages may need to acknowledge
dissatisfaction, apologize without admitting liability, and
propose next steps. A single patient may interact across all of
these contexts, creating longitudinal histories that influence
preference inference and message strategy. For example, if a
patient routinely responds to SMS in a particular dialect and
prefers concise messages, the system should adapt. If prior
interactions reveal confusion about medical terminology,
the system should simplify language and offer clarification
routes. If the patient has limited digital access or requests
paper communication, the channel strategy should change.
Personalization therefore spans not only surface realization
but also action selection, channel optimization, and escala-
tion decisions [4].

Multilingual clinical and service text introduces distinct
difficulties that are not fully captured by general cross-
lingual NLP benchmarks. Clinical language is specialized,
with domain-specific named entities, negation and tempo-
rality patterns, and frequent use of abbreviations. In many

languages, clinical terminology is borrowed from English or
Latin, but the borrowed forms vary across regions, creating
mismatches that standard bilingual dictionaries do not cap-
ture. Service text adds pragmatic variability, including slang,
code-switching, and speech-to-text artifacts. Many healthcare
organizations also operate in regions where low-resource
languages are common, and where orthographic norms vary
or are not standardized. The system must handle mixed
scripts, informal romanization, and evolving terminology.
These factors make it risky to rely solely on generic multilin-
gual language models without domain adaptation and safety
scaffolding [5].

The notion of personalization itself requires careful defini-
tion. A naive approach that conditions generation directly on
a patient profile can inadvertently leak sensitive attributes,
infer conditions, or create messages that feel intrusive.
Effective personalization in healthcare must be constrained
to attributes that are appropriate for communication and
grounded in consent. It must also respect fairness consider-
ations, because personalization based on historical data can
reinforce inequities in access, engagement, or clinical out-
comes. For instance, if historically underserved communities
have lower engagement due to systemic barriers, a model that
predicts low engagement could allocate fewer resources to
those communities, creating feedback loops. Personalization
should instead be designed as a policy that aims for equitable
service quality while adapting to individual constraints [6].

This paper focuses on the technical design of NLP systems
for personalized healthcare customer messaging using multi-
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õ Raw inputs
structured records + free text

� Segment LID & normalization
code-switch + abbreviations

� De-identification
typed placeholders + redaction

^ Extraction & linking
entities → codes & orders

À Communicable facts
channel-safe slots & provenance

Ü Interaction history
responses, outcomes, complaints

  Preferences & state
language, channel, accessibility

¨ Message-plan API
facts + constraints for NLG

FIGURE 2: Data and representation pipeline that separates raw clinical/service text from communication-appropriate content. Fine-grained language
identification, normalization, and privacy-preserving de-identification feed extraction and entity linking to produce a curated fact set with provenance,
joined with explicit preference/state features to construct message plans for downstream retrieval and controlled multilingual realization.

N Domain corpora
notes + discharge + transcripts

� Cross-lingual pairs
parallel + comparable

Ô Continued pretraining
clinical + service adaptation

Ñ Language adapters
regional + dialect tuning

¨ Shared embedding space
clinical semantics aligned

Û Multilingual retrieval
approved snippets

À Entity linking
mentions → codes/slots

Ü Intent models
inbound task detection

FIGURE 3: Cross-lingual representation strategy for clinical and service language: domain-adaptive pretraining and lightweight language/dialect adapters
produce aligned embeddings for specialized terminology. The shared space supports multilingual retrieval of vetted phrasing, robust entity linking into
structured codes/slots, and calibrated intent models for inbound requests.

lingual clinical and service text. The framing is end-to-end,
covering data curation and privacy, representation learning
across languages and domains, controlled generation and re-
trieval, preference and state modeling, evaluation methodolo-
gies, and deployment governance. While the term customer
messaging may evoke marketing, the scope here centers on
informational, navigational, and service communications that
support care delivery, operations, and patient experience.
The discussion assumes that the system operates within
an organizational environment with clear policy boundaries,
human oversight pathways, and legal constraints. Within that
environment, the technical goal is to reduce friction and

improve clarity without overstepping into unverified medical
guidance.

A key architectural question is whether messaging should
be generated from scratch, templated, retrieved, or hybrid.
Pure templating offers predictability but limited personal-
ization and multilingual flexibility [7]. Retrieval-based ap-
proaches can reuse vetted messages but may fail to fit context
or language variety. Generative models offer flexibility but
introduce risks of hallucination, unintended implications, or
inappropriate tone. Hybrid systems that retrieve approved
content and then perform constrained adaptation are in-
creasingly practical because they combine stability with
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À Message plan
facts + required phrasing

Û Snippet retrieval
approved multilingual library

� Draft generation
controlled adaptation only

¦ Verifier
slot/number/policy checks

N Fallback set
rigid templates + portal redirect

k Dispatch-ready
channel-safe output

� Human review
escalation on uncertainty

FIGURE 4: Hybrid retrieval-and-generation workflow with explicit verification. A structured message plan and approved snippets ground a controlled draft;
a verifier enforces slot consistency, numeric/temporal correctness, and channel/policy constraints. Failed checks route to conservative fallbacks (templated
redirects) or to human review, limiting the risk of hallucinated or inappropriate instructions across languages.

� LID confidence
p(ℓ | x)

Ü Intent confidence
p(z | x)

À Linking confidence
p(s | x, c)

¢ Aggregate score
κ(c) (calibrated)

. Threshold gate
κ(c) ≷ η

k Auto-send
verified message

® Clarify
ask language/task

� Human route
agent/interpreter

FIGURE 5: Uncertainty-aware routing for multilingual customer messaging. Calibrated confidence signals from language identification, intent detection,
and entity/slot linking are aggregated into a single risk score that gates automation. Low-confidence cases trigger clarification prompts or escalation to
human staff, reducing unsafe or inequitable failures when language resources are uneven.

contextual tailoring. Hybridization also supports multilingual
workflows, where human-translated canonical messages exist
for some languages, and models adapt phrasing to patient
preferences while maintaining meaning.

Another central question is how to integrate clinical prove-
nance. A message that references a medication dose must
trace to an authoritative medication order, not a speculative
inference from a note. A reminder about follow-up timing
must reference the scheduling system and the clinician’s plan
[8]. The model must therefore be embedded in a broader sys-
tem that exposes structured facts and links them to message

spans. This motivates retrieval-augmented generation over
curated knowledge stores, as well as span-level attribution
that can be audited. Multilinguality complicates attribution
because the generated language differs from the source
language, so the system must maintain semantic alignment
between source facts and target phrasing.

The remainder of the paper develops these points. It
first articulates the problem setting and constraints specific
to multilingual healthcare messaging, emphasizing safety,
privacy, and policy compliance. It then discusses data sources
and representation strategies that unify clinical and service
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À Offline suite
fidelity, readability, safety

² Human review
native panels + rubrics

¢ Online monitoring
complaints, opt-outs, drift

T Quality dashboard
per-language segmentation

u Governance actions
rules, templates, thresholds

{ Ops updates
terminology + localization

FIGURE 6: Evaluation and governance loop for multilingual healthcare messaging. Offline test suites and structured human review feed a per-language
dashboard alongside online monitoring signals (delivery outcomes, complaint categories, and drift indicators). Governance workflows translate these
measurements into controlled updates to policies, templates, thresholds, and localization resources.

Dimension Definition in this setting Illustrative examples

Context Structured and unstructured in-
formation about the person and
episode of care used to drive
messaging decisions.

Demographics and language
preference; upcoming appoint-
ments; open tasks; interaction
history across SMS, portal,
phone.

Operational objective Explicit task the organization is
trying to achieve with a mes-
sage or action.

Reduce no-show rates; clarify
pre-procedure requirements; re-
solve billing questions; support
navigation after discharge.

Action space System-level choice that may
include or bypass message gen-
eration.

Send reminder; ask clarifying
question; schedule call-back;
escalate to human agent; direct
to portal.

Message realization Linguistic form that encodes
selected facts, tone, and channel
constraints.

Short SMS vs detailed email;
formal vs warm-professional;
monolingual vs bilingual mes-
sages.

TABLE 1: Core elements of the healthcare customer messaging problem formulation.

text while controlling risk [9]. Next it details modeling
approaches for multilingual understanding, personalization,
and controlled generation, including light-weight mathe-
matical formulations for multi-objective optimization and
uncertainty-aware routing. It then examines evaluation meth-
ods and failure analysis tailored to healthcare messaging,
focusing on semantic fidelity, safety, and equity across
languages. Finally it addresses deployment, monitoring,
and governance, emphasizing the practical mechanisms that
make such systems reliable in production.

II. Background and Problem Setting

Healthcare customer messaging can be formalized as a
decision-and-generation process that maps a user context and
an operational objective to a message and an action. The
context includes demographic and preference information
that the patient has consented to share for communication
purposes, the current episode of care, operational status such
as upcoming appointments and outstanding tasks, and the
interaction history across channels. The objective can be
operational, such as reducing no-show rates, clarifying pre-
procedure requirements, or resolving billing questions. The
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II BACKGROUND AND PROBLEM SETTING

Source type Typical content Linguistic properties Messaging relevance

Clinical notes Assessments, plans, diagnostic
reasoning, differential diagnoses,
social history.

Telegraphic style, dense short-
hand, institution-specific abbrevi-
ations, domain-specific negation
and temporality.

Provide clinical
constraints on what
can be safely referenced
(e.g., finalized plan vs
speculation).

Discharge and instruction
fields

Standardized instructions,
problem lists, preparation steps,
follow-up recommendations.

Semi-structured templates mixed
with free text; partial localization
across languages.

Primary source for ac-
tionable instructions and
follow-up logistics.

Service transcripts
(call/chat)

Questions, complaints, negotia-
tions about scheduling, billing,
access barriers.

Colloquialisms, emotion, code-
switching, ASR artifacts, incom-
plete turns, interruptions.

Reveal confusion,
preferred tone, and
pain points that shape
personalization strategy.

Outbound campaigns and
prior messages

Reminders, engagement
nudges, service recovery
communications.

Mixture of hand-authored, tem-
plated, and manually translated
text with uneven quality.

Historical supervision for
content planning, tone,
and multilingual realiza-
tion.

TABLE 2: Heterogeneous clinical and service text sources that feed personalized messaging.

Level Multilingual challenge Consequences for messaging Mitigation strategies

Lexical and terminological Borrowed clinical terms with re-
gional variants; low-resource vo-
cabularies; inconsistent orthogra-
phy.

Mismatched terminology;
misunderstanding of procedures
or medications; uneven clarity
across languages.

Domain adaptation; mul-
tilingual lexicons; human-
curated canonical phrases
per language.

Pragmatic and cultural Different norms for politeness,
honorifics, directness, and family
involvement.

Messages may sound rude, overly
intimate, or confusing even when
literally correct.

Language-specific tone
guidelines; culturally
informed templates;
native-speaker review.

Code-switching and mixed
scripts

Frequent mixing of languages,
romanization of non-Latin
scripts, embedded English
medical terms.

Language identification errors;
degraded intent classification and
extraction; brittle rules.

Fine-grained language
ID; robust tokenization;
training on real mixed-
language corpora.

Quality and equity High-quality human translations
for some languages; reliance on
generic models for others.

Systematic differences in com-
prehension and safety; increased
routing to humans for certain
groups.

Per-language quality esti-
mation; explicit fallbacks;
investment guided by eq-
uity monitoring.

TABLE 3: Key multilingual challenges beyond generic cross-lingual NLP benchmarks.

action may be to send a message, ask a clarification question,
schedule a call-back, or escalate to a human agent [10]. The
message itself is a linguistic realization that must satisfy
constraints on content, tone, and policy.

This setting has structural asymmetries that are important
for modeling. First, the organization often has more data
about the patient than the patient wants surfaced in a
message. A message that reveals sensitive diagnoses, test
results, or family information can violate privacy expecta-

tions even if the organization legitimately holds the data.
Second, the patient’s interpretation is influenced by trust and
anxiety, meaning that ambiguity can cause harm even when
content is technically correct. Third, the organization bears
responsibility for accuracy and compliance, so conservative
behavior may be preferable, such as routing uncertain cases
to humans [11]. These asymmetries imply that the system
objective should not be framed as maximizing personaliza-
tion intensity, but as maximizing clarity and task completion
subject to safety and privacy constraints.
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II BACKGROUND AND PROBLEM SETTING

Layer Primary role Multilingual considerations Safety and privacy
hooks

Language and segmentation
preprocessing

Detect language(s), segment
notes and transcripts, normalize
punctuation and casing.

Fine-grained language tags for
code-switched segments; support
for mixed scripts and translitera-
tion.

Avoid storing raw iden-
tifiers; early redaction of
unsafe free-form fields.

Extraction and de-
identification

Map raw text to communicable
facts; remove or mask identifiers.

Multilingual NER and entity
linking; placeholders that respect
morphology and script.

Typed placeholders for
names and contacts; sep-
aration of speculative vs
confirmed facts.

Cross-lingual representation Embed entities, segments, and in-
teraction histories into shared se-
mantic spaces.

Alignment of clinical entities
across languages; handling collo-
quial medication descriptions.

Constrain mappings to
patient-specific candidate
sets; explicit uncertainty
tracking.

Message plan construction Select which facts and options
can be surfaced given context and
objective.

Language-independent plan rep-
resentation; later localized per
language and channel.

Enforce consent and pol-
icy filters; exclude sensi-
tive or restricted content
by design.

TABLE 4: Data and representation pipeline layers supporting multilingual messaging.

Personalization axis Driving signals Intended adaptation Associated risks

Language and dialect Recorded language preference;
observed reply language; regional
metadata.

Choice of language, dialectal vo-
cabulary, and politeness conven-
tions.

Lock-in to incorrect pref-
erence; inconsistent qual-
ity across languages.

Tone and formality Historical responses; channel;
age band; institution branding
guidelines.

Neutral vs warm-professional
tone; level of empathy; degree of
directness.

Over-familiar or insincere
phrasing; unintended
promises or implications.

Readability and detail level Patterns of confusion; explicit
requests for simpler language;
channel constraints.

Sentence length, use of jargon,
inclusion of optional explanations
or links.

Oversimplification of clin-
ically important nuance;
inferred literacy proxies.

Channel and timing Device access; prior engagement;
consented channels; operational
objectives.

SMS vs email vs call; proactive
vs reactive outreach; batching of
reminders.

Channel leakage of sen-
sitive content; message
fatigue; inequitable out-
reach.

TABLE 5: Major personalization dimensions and their communication-oriented trade-offs.

Multilinguality changes the operational definition of cor-
rectness. In monolingual settings, correctness can be mea-
sured relative to source facts and language norms. In multi-
lingual settings, correctness includes equivalence of meaning
across languages and dialects, appropriateness of register,
and cultural pragmatics. For example, some languages re-
quire explicit politeness markers in service contexts, while
others rely on indirectness to avoid appearing confronta-
tional. Direct translations that preserve propositional content
can still be pragmatically wrong, leading to dissatisfaction or
misunderstanding. This implies that evaluation must incorpo-

rate pragmatics and interaction outcomes, not only semantic
similarity [12].

Clinical language also interacts with multilinguality in
complex ways. Many clinical concepts lack commonly un-
derstood equivalents in some languages, especially when
patient-facing language differs from clinician-facing termi-
nology. Patients may recognize borrowed technical terms
but not their implications, or they may prefer descriptive
phrases. Additionally, certain concepts are taboo or culturally
sensitive, requiring careful phrasing. For example, mental
health or reproductive topics may require more discretion in
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II BACKGROUND AND PROBLEM SETTING

Component Function Design emphasis Examples in setting

Intent and task detection Map inbound free text to oper-
ational intents and routes.

Multilingual encoders, calibra-
tion, abstention and human es-
calation.

Detect rescheduling vs cancel-
lation; distinguish billing ques-
tions from clinical queries.

Content planner Assemble structured message
plans from authoritative sys-
tems.

Determinism for critical fields;
explicit consent and policy
rules.

Combine appointment time,
location, preparation, and con-
tact options into a plan.

Retrieval of vetted phras-
ing

Select library snippets consis-
tent with plan, language, and
tone.

Multilingual semantic search;
template tagging by context
and register.

Reuse pre-approved fasting in-
structions or apology patterns
across channels.

Controlled generator and
verifier

Adapt snippets to context
while enforcing meaning
preservation.

Constrained paraphrase; lex-
ical constraints; cross-lingual
factuality checks.

Insert patient-specific dates;
adjust formality; verify entity
consistency before send.

TABLE 6: High-level modeling components in a hybrid decision-and-generation architecture.

Constraint type Failure modes Preventive mechanisms Fallback behaviors

Privacy and consent Revealing sensitive diagnoses;
including restricted details on
insecure channels.

Upstream content filters;
channel-aware policies;
minimal necessary context
retrieval.

Send generic portal notifica-
tion; omit details; route to au-
thenticated channel.

Clinical safety and factu-
ality

Hallucinated instructions; in-
correct dosage, timing, or au-
thorization.

Grounding in structured or-
ders; numeric and temporal
consistency checks; entailment
verifiers.

Revert to rigid template; hu-
man review for low-confidence
cases; abstain from clinical
commentary.

Policy and regulatory
boundaries

Crossing from informational
messaging into medical advice
or triage.

Intent classifiers; content fil-
ters for prescriptive language;
explicit exclusion of diagnostic
reasoning.

Acknowledge questions; direct
to clinicians or nurse line; log
for follow-up.

Equity across languages Lower quality or more fre-
quent failures for low-resource
languages or dialects.

Per-language metrics; routing
thresholds tuned with fairness
constraints.

Prioritize interpreter support;
adjust automation coverage;
targeted model improvement.

TABLE 7: Safety, privacy, and equity constraints and how they shape system behavior.

some contexts. A messaging system must therefore support
controlled paraphrasing and optionality, such as providing a
general reminder to check the patient portal rather than nam-
ing a sensitive test [13]. These decisions should be governed
by policy and consent rather than model improvisation.

Service text introduces conversational dynamics that differ
from clinical documentation. Call-center transcripts and chat
logs contain incomplete sentences, emotional expressions,
and references to earlier turns. They also contain negotiation
and conflict, such as disputes about charges or frustration
about wait times. Personalization in these contexts includes
empathy and de-escalation phrasing, but it must be carefully
bounded to avoid making promises the organization cannot
keep. In multilingual settings, expressions of empathy vary

widely; literal translations may sound insincere or overly
familiar. Therefore, the model must be trained or guided
with domain-specific conversational data and institutional
tone guidelines [14].

A practical way to conceptualize personalized messaging
is as constrained natural language generation conditioned
on a structured set of facts and decisions. The system first
determines what facts to include, such as appointment time
and location, required preparation steps, contact numbers,
or next actions. It then chooses a communication strategy,
including tone, level of detail, and whether to provide op-
tional clarifications. It then realizes the message in the target
language and channel format, such as SMS character limits
or voice call scripts. At each stage, constraints apply. Fact
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II BACKGROUND AND PROBLEM SETTING

Evaluation axis Key questions Methods Multilingual considerations

Semantic fidelity and fac-
tuality

Does the message match the
plan and authoritative records?

Slot extraction and
comparison; numeric/date
checks; cross-lingual
entailment models.

Language-specific date and
numeral formats; differing
negation and modality
markers.

Readability and compre-
hension

Can typical recipients under-
stand and act on the message?

Readability proxies; human
comprehension tests; task
completion studies.

Language-specific formulas;
lack of tools for some
languages; culturally grounded
examples.

Tone, pragmatics, and sat-
isfaction

Is the message polite, respect-
ful, and aligned with expecta-
tions?

Native-speaker ratings; com-
plaint analysis; A/B tests under
ethical constraints.

Honorifics and politeness sys-
tems; indirectness preferences;
family-oriented phrasing.

Safety, privacy, and equity Are violations rare and
equitably distributed across
groups?

Adversarial testing; audit sam-
pling; per-language error and
escalation analysis.

Different routing patterns
by language; interpreter
availability; heterogeneous
training data.

TABLE 8: Evaluation dimensions for personalized multilingual healthcare messaging.

Deployment area Operational focus Concrete mechanisms Multilingual-specific issues

Identity and consent man-
agement

Ensure messages reach the
right person with appropriate
content.

Verified contact points; role-
based consent; per-channel and
per-topic flags.

Caregiver vs patient language;
consent capture in multiple
languages; mixed-language
households.

Monitoring and drift de-
tection

Track system health and detect
degradation or attacks.

Verification failure
dashboards; canary releases;
anomaly detection on outputs.

Per-language KPIs; new di-
alects at specific sites; prompt
injection expressed in different
languages.

Governance and oversight Define automation scope, re-
view processes, and escalation
rules.

Message category whitelists;
model versioning; structured
human review queues.

Uneven interpreter capacity;
language onboarding check-
lists; equity audits by lan-
guage.

Localization and terminol-
ogy operations

Maintain consistent naming,
phrasing, and references across
languages.

Multilingual terminology
databases; approved phrasing
libraries; update workflows.

Region-specific clinic names;
local transport and time ex-
pressions; evolving medical
vocabulary.

TABLE 9: Deployment, monitoring, and governance considerations for real-world rollout.

selection is constrained by relevance and privacy. Strategy
is constrained by institutional policy, equity goals, and user
preferences [15]. Realization is constrained by language
norms and safety phrasing.

The consent and privacy boundary is central. Patients may
consent to receiving messages via certain channels and to
receiving certain categories of information. For example,
some patients may allow appointment reminders but not
medication details via SMS. Some may permit language
personalization but not the use of inferred attributes. In

multilingual contexts, consent itself must be communicated
and recorded across languages [16]. From a systems stand-
point, consent should be represented as structured, machine-
enforceable policies, and the generation component should
receive only the permitted facts. This reduces the risk that
a model will reveal restricted information because it never
sees it.

Equity considerations arise when multilingual support is
uneven. Healthcare organizations often have high-quality
human translations for a subset of languages and rely on
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III DATA AND REPRESENTATION FOR MULTILINGUAL CLINICAL AND SERVICE TEXT

automated methods for others. This can lead to differential
message quality, affecting comprehension and outcomes. A
system should therefore include explicit quality estimation
and fallback mechanisms. If the model’s confidence is low
for a given language or dialect, it may be safer to route to
a human interpreter or to send a minimal message directing
the patient to a staffed line [17]. This introduces a trade-
off between access and precision that should be managed
explicitly rather than implicitly through model failure.

Another important constraint is interpretability and au-
ditability. Healthcare communication often requires the abil-
ity to explain why a message was sent and what information
it was based on. This is not only a compliance need but also
operationally useful for handling complaints and improving
workflows. In multilingual messaging, auditability includes
being able to show how a message in one language cor-
responds to source records potentially in another language.
This motivates maintaining structured message plans, span-
level provenance links, and versioning of templates or model
prompts [18].

The problem setting also includes dynamic context up-
dates. Appointment times change, medication orders are
modified, and insurance authorizations are updated. A mes-
saging system must be robust to stale data and must
avoid sending messages based on outdated records. This
implies tight integration with operational systems and care-
ful caching policies. In multilingual environments, latency
and synchronization issues can be more pronounced when
translation or generation services add delay. Therefore, sys-
tem design must prioritize real-time access to authoritative
sources and incorporate validation checks immediately be-
fore dispatch.

Finally, personalized messaging must respect boundaries
between informational communication and medical advice
[19]. A model that elaborates on symptoms or provides clin-
ical recommendations can cross into regulated clinical deci-
sion support. Even when the underlying data are present, a
message that interprets results or suggests treatment changes
can be inappropriate. The system should therefore implement
content filters and intent classifiers that prevent diagnostic or
prescriptive content unless explicitly authorized and verified.
When patients ask clinical questions in inbound channels, the
system can acknowledge and route to clinicians rather than
generating medical guidance.

III. Data and Representation for Multilingual Clinical and
Service Text

Data for personalized healthcare messaging typically spans
structured records, semi-structured fields, and unstructured
text. Structured data includes appointments, provider iden-
tifiers, clinic locations, medication orders, procedure codes,

and billing statuses [20]. Semi-structured data includes prob-
lem lists, discharge instruction fields, and templated note
sections. Unstructured data includes clinician narrative notes,
patient messages, call transcripts, and chat logs. In multilin-
gual contexts, any of these can appear in multiple languages,
and some records may contain code-switching within a
single document. Data preparation must therefore address
language identification at fine granularity, normalization of
abbreviations, and alignment of entities across languages.

A core design principle is separating private clinical detail
from communication-appropriate facts. Clinical notes may
contain speculative diagnoses, differential considerations, or
sensitive social context. Service text may contain personal
anecdotes or third-party information [21]. Not all of this is
appropriate to surface. Therefore, an extraction layer should
map raw text to a curated set of communicable facts. This
layer can combine rule-based extraction for high-precision
fields with machine learning extraction for broader coverage.
In multilingual settings, extraction can be performed either in
the source language with multilingual models, or by translat-
ing to a pivot language and extracting there. Each approach
has trade-offs. Direct multilingual extraction preserves nu-
ance but requires robust models across languages. Pivot
translation can leverage stronger monolingual extractors but
introduces translation errors and can distort entities such as
medication names or addresses [22]. A practical compromise
is to perform entity recognition and key field extraction in
the source language while translating only for downstream
semantic tasks that tolerate noise.

De-identification and privacy-preserving representation
are essential. Service transcripts and clinical notes contain
identifiers, addresses, phone numbers, and unique combina-
tions of facts that can re-identify individuals. For training and
evaluation, organizations often create de-identified corpora
by removing direct identifiers and masking quasi-identifiers.
However, de-identification can degrade language modeling
performance if it removes clinically meaningful tokens. A
better approach is to replace identifiers with typed place-
holders that preserve syntactic behavior, such as replacing a
person name with a token indicating a name, and replacing a
phone number with a phone placeholder [23]. In multilingual
contexts, placeholders should be language-agnostic, and the
surrounding morphology must be handled, for example with
clitic attachment or case marking. If a language attaches
suffixes to names, placeholders must support that mor-
phology, potentially by using subword representations and
allowing the model to generate appropriate suffixes around
the placeholder.

Another representation challenge is aligning clinical enti-
ties across languages. Medication names, procedure names,
and diagnostic terms may have multiple aliases and spelling
variants. Cross-lingual lexicons can help, but in practice
many variants appear in service text, including misspellings
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and colloquial descriptions. Representation learning can
mitigate this by embedding terms in a shared semantic
space across languages. However, embeddings alone are not
sufficient for safety-critical messaging because ambiguity
must be resolved [24]. For example, a colloquial reference
to a medication class must be mapped to the specific order
in the record before it is mentioned in a message. This
motivates entity linking to structured codes when possible.
For multilingual text, entity linking can be performed via
multilingual encoders that map mentions to candidate codes
using contextual similarity, with constrained candidate sets
derived from the patient’s active orders to reduce ambiguity.

Clinical and service text also differ in discourse struc-
ture. Clinician notes may contain headings, assessment-
plan structure, and temporal references. Service transcripts
contain turn-taking and may include interruptions or speech
recognition artifacts [25]. A unified representation should
preserve these structures because they influence what is safe
to infer. For example, a clinician note may contain a plan
to discuss a topic later, which should not be interpreted as
a finalized instruction. A transcript may contain a patient’s
misunderstanding that should not be repeated. Therefore,
representations should encode source type, section bound-
aries, and speaker roles. For multilingual transcripts, speaker
role identification can be complicated when bilingual staff
switch languages mid-call. Fine-grained language tags per
segment can support more accurate modeling.

From a training perspective, one must decide which parts
of the pipeline are learned and which are rule-governed [26].
For safety and compliance, it is often preferable for the
content selection layer to be deterministic for certain fields,
such as appointment time and location, because errors are
costly. Learned components can then focus on paraphrasing,
tone adaptation, and multilingual realization. This division
reduces the burden on the language model and provides
clearer audit trails. It also supports incremental improvement,
because the deterministic layer can be updated with new
policy rules without retraining the model.

Building a multilingual dataset for messaging requires
pairing contexts with target messages. Historical outbound
messages provide natural supervision, but they may re-
flect legacy quality issues, inconsistent tone, and unequal
translation quality across languages [27]. Some messages
may have been authored by staff, others by templating
systems, and others by ad hoc manual translation. Training
directly on this data can perpetuate inequities and errors.
Data curation should therefore include quality stratification,
where messages are scored for clarity, correctness, and policy
compliance. In multilingual settings, quality scoring can
incorporate human review for a subset of languages and
automatic heuristics for others, such as checking consistency
of extracted facts with the message. Quality-aware sampling

during training can reduce the influence of low-quality
examples.

Synthetic data can also be useful, but it must be care-
fully designed. One approach is to generate message plans
from structured data and then have professional translators
produce messages in target languages for a representative
set of plans [28]. Another approach is to create controlled
paraphrases in each language to teach tone variation and
readability adjustment. Synthetic augmentation can also
include noise injection that simulates speech recognition
errors or misspellings, improving robustness when parsing
service text. However, synthetic generation should avoid
creating clinically implausible combinations, and should be
constrained to policy-safe content. In practice, synthetic data
is most effective when it is anchored to real operational
distributions, such as typical appointment types, typical
preparation instructions, and common service issues.

A representation that supports personalization must also
encode user preferences and state. Preferences include lan-
guage, dialect, channel, formality, and accessibility require-
ments such as large-print or simplified language. State in-
cludes recent events such as missed appointments, recent
complaints, or ongoing authorization issues [29]. These
variables should be represented explicitly rather than in-
ferred implicitly from text, because explicit representation
allows consent control and easier auditing. For multilingual
messaging, the language preference should include both
language and regional variant when possible, because vo-
cabulary and politeness norms differ. The system should also
support uncertainty in preferences, such as when a patient’s
language preference is unknown or when the patient uses
multiple languages. In such cases, the system can adopt a
conservative strategy, such as sending bilingual messages or
asking for preference confirmation, while respecting channel
constraints.

Privacy-preserving learning techniques can be relevant
when training on sensitive text. Approaches such as differ-
ential privacy, secure enclaves, and federated learning can
reduce exposure of raw data [30]. In practice, the choice
depends on organizational constraints and the feasibility of
engineering such systems. Even without advanced privacy
learning, strong controls can be applied through access gov-
ernance, data minimization, and rigorous de-identification.
For multilingual data, privacy risk can vary across languages
if some languages encode personal information differently,
such as including honorifics that imply gender or social
status. De-identification and policy rules should therefore be
evaluated per language.

Finally, multilingual customer messaging often requires
handling code-switching and mixed scripts. Patients may
write in one language using another script, such as romanized
forms of non-Latin languages. They may also mix English
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medical terms into another language [31]. Models trained
only on standard corpora may struggle with these patterns.
Data collection should therefore include real-world mixed-
language examples, and tokenization should support mixed
scripts robustly. Subword tokenization can help, but it can
also fragment rare scripts excessively, reducing performance.
In such cases, character-level components or byte-level en-
coding can improve robustness, though they may increase
computational cost. The representation strategy should be
chosen based on observed language patterns in the service
population rather than theoretical coverage.

IV. Modeling Approaches for Personalized Multilingual
Messaging

A production-grade system for personalized multilingual
healthcare messaging is typically composed of multiple mod-
els and rule layers rather than a single end-to-end generator
[32]. A useful decomposition includes intent and task detec-
tion for inbound messages, content planning from structured
sources, retrieval of vetted phrasing, controlled generation
for adaptation, and safety verification before dispatch. Each
component can be multilingual, but not all must be equally
capable across languages if the system includes fallbacks
and routing. The design goal is to allocate learning capacity
to the parts where flexibility matters, while constraining the
parts where errors are costly.

For inbound messaging, the system must map user text to
intents such as appointment rescheduling, billing questions,
medication refill requests, or complaints. Multilingual intent
classification can be built using multilingual encoders fine-
tuned on labeled service data. In low-resource languages,
cross-lingual transfer can be effective if the intent space
is shared and if training includes code-switched examples.
Intent models should be calibrated, because uncertain classi-
fications should route to human agents rather than triggering
automated responses [33]. In practice, calibration can be im-
proved through temperature scaling or isotonic regression on
a held-out set per language. Because language distributions
differ across sites, calibration should be monitored for drift.

Content planning for outbound messages should prioritize
deterministic extraction from authoritative systems. For ex-
ample, appointment reminder content can be assembled from
scheduling records, including time, location, provider, and
preparation requirements. Clinical preparation requirements
can be linked to procedure types and pre-approved instruc-
tion sets. The planner can also incorporate patient-specific
constraints, such as accessibility needs or transportation
arrangements, if those are explicitly recorded and permitted
for messaging [34]. The output of the planner is a structured
message plan that enumerates facts and allowable phrasing
options, along with constraints such as maximum length for
SMS or required disclaimers.

Retrieval of vetted phrasing can be implemented using
a multilingual semantic search over an approved library
of message templates and snippets. Each snippet can be
tagged with applicable contexts, languages, tone, and pol-
icy constraints. Multilingual retrieval can use dual-encoder
embeddings trained on parallel or comparable corpora, with
domain adaptation on clinical and service text. Retrieval
provides stable phrasing for sensitive content, such as in-
structions about fasting, arrival times, or billing disputes. It
also supports consistent branding and reduces variability that
can confuse patients.

Controlled generation then adapts retrieved content to the
specific context [35]. Adaptation includes inserting patient-
specific facts, adjusting tone and reading level, and applying
dialect preferences. The generator can be a multilingual
sequence-to-sequence model or a large language model
configured with constrained decoding. However, in health-
care messaging, unconstrained generation is risky. A safer
approach is to condition generation on the message plan and
retrieved snippets, and to restrict output to transformations
that preserve meaning. This can be achieved through editing
models that perform paraphrase with constraints, or through
generation with lexical constraints that ensure critical entities
are preserved. Another approach is to use a small set of
allowed paraphrase operators, such as simplifying sentences,
reordering for clarity, and adding polite greetings, and then
applying these operators through learned models or rules.

Personalization requires modeling user preferences and
interaction history [36]. One method is to treat personaliza-
tion as a conditional generation problem where the model
receives a preference vector and a user state summary. The
preference vector can include language, formality, verbosity,
and channel. The user state summary can include recent in-
teractions and outcomes, such as whether the user responded,
whether the user clicked a link, or whether the user required
human follow-up. To avoid privacy risks, the state summary
should exclude sensitive clinical content and should focus
on communication behavior. In multilingual contexts, the
state summary can include language-switch behavior, such
as whether the user replies in a different language than the
outgoing message, indicating a mismatch.

Preference learning can be done through supervised sig-
nals, such as explicit preferences provided by the user,
and implicit signals, such as response rates [37]. However,
implicit signals can be confounded by access barriers. There-
fore, a careful design frames preference inference as uncer-
tainty estimation rather than hard classification. The system
can maintain probability distributions over preferences and
update them with Bayesian or quasi-Bayesian methods. For
example, if a user replies consistently in one language, the
probability of that language preference increases, but the
system should still allow easy correction and should avoid
locking in a preference based on limited evidence.
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The decision of what message to send, when to send it,
and whether to include optional details can be framed as a
policy optimization problem. The policy chooses an action
based on context, and the action yields outcomes such as task
completion, reduced no-shows, or reduced call volume. In
healthcare, the reward function must incorporate safety and
equity constraints [38]. A minimal formalization can treat
the policy as maximizing expected utility under constraints.
A compact mathematical statement can clarify the multi-
objective nature without requiring long equations:

max
π

E
[
U(y, a, c)

]
(1)

s.t. P
(
privacyviolation(y, c) = 1

)
≤ ϵ

P
(
safetyviolation(y, c) = 1

)
≤ δ

∆lang
(
Q(y | ℓ)

)
≤ τ

Here, π is a policy that selects a message y and action a
given context c, while U aggregates operational utility such
as clarity and task success. The constraint ∆lang(Q(y | ℓ))
represents bounded quality disparity across languages ℓ,
operationalized through evaluation metrics. The thresholds
ϵ, δ, and τ encode organizational risk tolerance. The point
is not to solve this optimization exactly, but to implement
approximations through routing, filtering, and per-language
quality estimation.

A critical component is factuality control [39]. Messaging
systems should avoid hallucinating facts not present in au-
thoritative sources. Retrieval-augmented generation can help
by grounding generation on retrieved snippets and structured
facts. Yet even with retrieval, models can rephrase incor-
rectly, especially when translating across languages where
tense, aspect, or negation differs. A practical strategy is
to generate a draft and then run a verifier that checks the
draft against the message plan. Verification can include rule-
based checks for entity consistency, numeric consistency,
and presence of required disclaimers, as well as learned
entailment models that test whether the draft is supported by
the plan. For multilingual drafts, entailment models should
be cross-lingual or should operate on language-agnostic
representations. When verifiers are uncertain, the system can
revert to a more rigid template [40].

Readability control is another important modeling aspect.
Patient-facing language should match the user’s compre-
hension, which may correlate with education, but using
such proxies is ethically fraught. A safer approach is to
offer generally clear language, avoid jargon, and optionally
provide more details via links or portal content. The model
can be trained to simplify text while preserving meaning,
using parallel corpora of clinical-to-plain-language transfor-
mations. In multilingual settings, simplification resources are
uneven, so one can train a multilingual simplifier with shared
parameters and language-specific adapters. The simplifier

should be constrained to avoid changing numeric values,
medication names, or dates [41].

Tone and empathy adaptation can improve experience in
service recovery contexts. However, empathy phrasing must
be culturally and institutionally appropriate. A model can
be conditioned on a tone variable, but the allowed tone
space should be bounded, for example ranging from neutral-
professional to warm-professional, avoiding overly intimate
language. In multilingual settings, tone variables should map
to language-specific realizations. This can be achieved by
training on annotated examples of tone in each language
or by using a small set of vetted tone templates that the
generator adapts.

Handling sensitive topics requires policy-aware genera-
tion. If the message plan contains sensitive content, such as
test results, the system may be required to direct the patient
to a secure portal rather than including details in an SMS
[42]. Policy can be implemented as a classifier that labels
message plans with allowed channels and detail levels, or as
a rules engine that maps content types to channel constraints.
The generator then receives only permitted content. This
reduces reliance on post-hoc filtering, which can fail if the
model has already produced sensitive text.

Uncertainty-aware routing is essential. In multilingual sys-
tems, uncertainty arises from language identification, intent
classification, entity linking, and generation fidelity. Instead
of forcing a single model to handle all cases, the system
can route based on confidence. For instance, if language
identification confidence is low, the system can send a bilin-
gual prompt asking the user to confirm language preference
[43]. If intent classification is uncertain, the system can ask a
clarification question or route to a human agent. If generation
verification fails, the system can revert to a template. This
routing logic can be formalized as a threshold policy over
calibrated confidence scores. A compact expression can
illustrate the idea without long derivations:

a = route(c) (2)

route(c) = human if κ(c) < η

auto if κ(c) ≥ η

Here, κ(c) denotes an aggregate confidence score derived
from upstream components, and η is a risk-tuned threshold.
In practice, routing can be multi-level, but the binary form
captures the principle that automation should be conditional
on confidence [44].

Multilingual modeling choices also include whether to
use a single shared model or language-specific models.
Shared models benefit from transfer and reduce maintenance
overhead, but they may underperform for low-resource lan-
guages and can encode biases from dominant languages.
Language-specific models can achieve higher accuracy but
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increase operational complexity. A hybrid approach uses
a shared multilingual backbone with language adapters or
lightweight fine-tuning per language cluster. This allows
targeted improvements without duplicating the full model.
For dialect variation, one can use region adapters or lexicon
augmentation to capture local vocabulary.

Domain adaptation is necessary because general multilin-
gual models often lack coverage of clinical abbreviations and
service jargon [45]. Adaptation can be done via continued
pretraining on de-identified clinical and service text, fol-
lowed by supervised fine-tuning for messaging tasks. How-
ever, continued pretraining can increase memorization risk
if not carefully managed. Data minimization, placeholder
replacement, and privacy-aware training protocols can reduce
this risk. Another approach is to keep the base model fixed
and learn smaller task-specific layers, which can reduce
overfitting to sensitive content.

Finally, controlled multilingual generation should consider
channel constraints. SMS requires brevity and careful punc-
tuation because line breaks can render inconsistently across
devices [46]. Email can include more detail and structured
formatting, but the user request here emphasizes plain para-
graph format in the paper, not messaging. In practice, the
generator can be trained with channel tags and can learn
different styles. For multilingual SMS, abbreviations may
differ by language, and excessive abbreviation can reduce
comprehension. A conservative strategy is to keep messages
concise but not cryptic, and to include a clear call-to-action
and a staffed contact option when needed.

V. Evaluation, Safety, and Equity Across Languages

Evaluation of personalized multilingual healthcare messag-
ing is inherently multi-dimensional. Traditional NLP met-
rics such as BLEU or ROUGE are weak proxies because
multiple valid messages can express the same intent, and
because safety and policy compliance matter more than n-
gram overlap. Evaluation should instead be anchored to task
outcomes, semantic fidelity to authoritative facts, and safety
properties such as privacy preservation and avoidance of
harmful instructions [47]. In multilingual settings, evaluation
must also ensure comparable quality across languages and
dialects, because uneven quality can become an equity issue.

Semantic fidelity can be evaluated by comparing the
message content to the message plan derived from authori-
tative sources. This requires extracting entities and relations
from the generated message and checking them against
the plan. For example, appointment time, date, location,
provider name, and preparation instructions can be extracted
and validated. Numeric and temporal consistency checks
are particularly important. In multilingual messages, date
formats and time expressions vary, so extraction must be

language-aware [48]. For some languages, numerals may
be written in different scripts. Evaluation pipelines should
normalize these representations before comparison.

Factuality in generative systems also includes implicit
facts, such as implied certainty and implied authorization. A
message that says a procedure is confirmed when it is only
requested can mislead. Therefore, evaluation should include
modality and hedging analysis. In multilingual contexts,
modality is expressed differently, and direct translation can
alter modality strength. One can evaluate modality consis-
tency by annotating a sample of message plans with re-
quired modality and checking whether the generated message
matches [49]. Automated modality classifiers can help, but
they must be validated per language.

Readability and comprehensibility can be evaluated
through language-specific readability measures and hu-
man comprehension tests. Many readability formulas are
language-specific and may not exist for all languages. In such
cases, one can use proxy measures such as sentence length,
word frequency in large corpora, and the rate of technical
term usage. Human evaluation remains important, especially
for low-resource languages and dialects. However, human
evaluation must be structured to capture misunderstandings
that matter operationally, such as misinterpreting fasting
instructions or arrival times.

Tone and cultural appropriateness require evaluation be-
yond literal correctness [50]. A message can be semanti-
cally correct but socially inappropriate. For example, cer-
tain honorifics may be required when addressing elders.
Some cultures prefer indirect requests rather than imperative
commands. Evaluating these properties can be done via
native-speaker review panels and through complaint and
satisfaction analytics after deployment. One should avoid
optimizing solely for engagement metrics because they can
be biased by access and trust differences. Instead, evaluation
should include fairness-aware analysis that examines whether
certain groups receive lower-quality messages or experience
more failures [51].

Safety evaluation must focus on failure modes that are
specific to healthcare messaging. A common failure mode
is hallucinating additional instructions, such as suggesting
a change in medication timing or interpreting symptoms.
Another failure mode is disclosing sensitive information on
insecure channels. A third is sending the wrong message
to the wrong recipient due to identity resolution errors,
which is primarily a systems issue but can be exacerbated
by automation. Safety evaluation should therefore combine
content-based checks with system-level checks on identity
and consent enforcement.

Privacy evaluation in multilingual messaging includes
testing whether the model can be induced to reveal sensitive
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details through prompt injection or user manipulation in
inbound channels. In practice, inbound messages can include
attempts to trick the system into revealing test results or
appointment details [52]. The system should require authen-
tication or use secure channels for sensitive information.
Evaluation should include adversarial testing where testers
attempt to elicit restricted information in multiple languages,
including code-switched prompts. The system should also
be tested for leakage through paraphrase, where the model
might reveal sensitive content indirectly.

Bias and equity evaluation should examine disparities
across languages in multiple dimensions: comprehension,
error rates in entity extraction, generation fidelity, and esca-
lation rates to humans. A system that routes low-confidence
cases to humans may inadvertently create longer wait times
for speakers of low-resource languages. Therefore, routing
policies should be evaluated for their impact on service
equity [53]. If a language consistently triggers human routing
due to low confidence, the organization may need to invest in
language resources or interpreter capacity. Equity evaluation
should also examine whether messages differ in politeness or
helpfulness across languages due to training data imbalance.

Robustness evaluation should include stress tests for noisy
inputs, such as misspellings, colloquial phrases, and speech-
to-text errors in transcripts. For multilingual service text,
robustness must handle mixed scripts and transliteration.
Evaluation datasets should include these phenomena, not
only clean text. One practical method is to sample real in-
bound messages per language and annotate them with intents
and desired actions, then measure end-to-end performance.
Another is to simulate noise, but simulation must reflect
real distributions, otherwise models may become robust to
unrealistic noise while failing on common patterns [54].

Another key aspect is calibration and uncertainty estima-
tion. In healthcare messaging, it is often better to abstain
than to guess. Therefore, evaluation should measure not only
accuracy but also the quality of confidence scores and the
trade-off between automation and human routing. Calibration
can be evaluated using reliability diagrams and expected cal-
ibration error per language. Because language distributions
differ, one should avoid reporting a single global calibration
score. Instead, per-language calibration metrics should be
tracked, and thresholds should be tuned per language and
per use case [55].

Human-in-the-loop evaluation is essential for safety-
critical messaging. Human reviewers can evaluate whether
messages are appropriate, clear, and policy-compliant. In
multilingual contexts, reviewers should be native speakers
familiar with healthcare communication norms. Review pro-
tocols should include structured rubrics for factual correct-
ness, completeness, tone, and privacy. Importantly, reviewers
should also record uncertainty and note when the message

should have been routed to a human agent. This feedback
can improve both model training and routing policy.

Offline evaluation should be complemented by online
monitoring [56]. After deployment, one can track outcomes
such as appointment attendance, call-back rates, and com-
plaint rates. However, causal attribution is difficult because
many factors influence these outcomes. A cautious approach
uses randomized controlled experiments where feasible, but
in healthcare, experiments must be ethically reviewed and
must avoid differential risk. For multilingual evaluation,
experiments should be stratified by language to detect dis-
parities. Monitoring should also include automated detection
of anomalous message patterns, such as sudden shifts in
wording that could indicate model drift or prompt injection.

A particularly important class of evaluation is span-level
provenance. For messages that include facts, the system
should be able to link each fact to its source [57]. In
multilingual generation, provenance can be evaluated by
checking whether the source fact exists and whether the
target language span corresponds semantically. This is chal-
lenging because direct string matching does not work across
languages. One approach is to store a language-agnostic
representation of each fact, such as a normalized slot, and
then check whether the message contains a correct realiza-
tion of that slot using language-specific extraction. Another
approach is to generate with explicit placeholders for facts
and then replace them deterministically, ensuring exactness
for critical values.

Finally, evaluation must include failure response. When
the system detects a potential error or a policy violation,
it should fail safely [58]. Fail-safe behavior might include
reverting to a minimal template, asking the user to contact
a staffed line, or sending a portal notification instead of an
SMS. The effectiveness of these strategies should be eval-
uated by measuring whether fail-safe messages still enable
task completion. In multilingual settings, fail-safe messages
must be available and understandable in each supported
language, otherwise failure handling becomes another equity
gap.

VI. Deployment, Monitoring, and Governance in
Healthcare Settings

Deploying multilingual personalized messaging in healthcare
requires integration with operational systems, strong gover-
nance, and continuous monitoring. The messaging compo-
nent does not operate in isolation; it depends on identity res-
olution, consent management, scheduling systems, electronic
health records, billing systems, and contact center platforms.
Each integration point introduces both opportunities for
richer context and risks of inconsistency. A robust deploy-
ment architecture therefore emphasizes authoritative sources,
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transactional validation, and clear separation between data
retrieval, decision logic, and language generation [59].

A typical deployment flow begins with an event trigger,
such as an upcoming appointment, a missed appointment, a
completed lab test, or an inbound customer message. The
system retrieves the minimal necessary context from author-
itative systems, applying consent filters that determine what
content is allowed for the channel. It then constructs a mes-
sage plan, retrieves vetted phrasing, and invokes controlled
generation if needed. Before dispatch, it runs verification
checks, logs the decision and provenance, and then sends
via the approved channel. If checks fail, it routes to human
review or sends a fallback message. Each step should be
instrumented so that errors can be traced [60].

Identity and consent management are foundational. Mes-
saging should be tied to verified contact points, and consent
should be recorded with timestamp, channel, and language.
In multilingual settings, consent capture should be available
in the patient’s language, and the system should handle
situations where a caregiver is the contact person. Caregiver
messaging introduces additional privacy considerations be-
cause the caregiver may not be authorized to receive all
details. Therefore, deployment should support role-based
consent and content filtering that can restrict messages to
administrative content when sent to caregivers.

Audit logging is essential for accountability. Logs should
record what facts were used, what message was generated or
selected, what verifications were applied, and what routing
decisions were made [61]. In multilingual generation, logs
should include the language tag, model version, template
version, and any adaptation parameters such as tone and
reading level. However, logs themselves can contain sensitive
content. Therefore, logging should be designed with data
minimization, potentially storing message hashes, structured
slots, and redacted content rather than full raw text, while
still enabling investigation. Secure access controls and reten-
tion policies are also necessary.

Model updates and versioning require careful governance.
Even small changes in a multilingual model can have uneven
effects across languages [62]. A model update that improves
English performance may degrade another language due
to interference. Therefore, deployment should include per-
language regression testing and canary releases. A canary
can route a small fraction of messages in a given language
to the new model while monitoring key metrics and com-
plaint signals. Rollback mechanisms must be immediate. In
healthcare, it is safer to adopt conservative release cycles
with thorough review rather than frequent updates.

Monitoring should include both technical and operational
indicators. Technical indicators include verification failure
rates, language identification errors, entity mismatch rates,

and distributional shifts in input text embeddings [63].
Operational indicators include call-back rates, appointment
attendance, message delivery failures, opt-out rates, and
complaint categories. In multilingual settings, monitoring
dashboards should segment by language and site, because
shifts may occur locally. For example, a new clinic may
serve a different language mix, and the model may encounter
unfamiliar dialects. Monitoring should also detect sudden
spikes in specific phrase usage, which can indicate a prompt
injection attack if a generation system is driven by inbound
text.

Governance workflows should define which message types
are eligible for automation. Some message categories, such
as appointment reminders and administrative updates, are
often suitable for high automation with deterministic content.
Other categories, such as discussing test results, may require
clinician involvement [64]. Governance should specify al-
lowed content types per channel and per language, because
some channels are more secure than others. The system
should encode these rules so that the generator cannot
override them. When governance policies change, the system
should be able to update rules without retraining models,
which argues for a policy layer external to the model.

Human oversight is not only a safety mechanism but also
a resource planning issue. If multilingual automation routes
many cases to humans due to low confidence, the organi-
zation must staff appropriately, including bilingual agents
or interpreter services. Governance should therefore include
capacity-aware routing, where the system chooses between
different safe options depending on staffing availability [65].
For example, if interpreter capacity is limited, the system
might send a minimal bilingual message directing the patient
to a portal rather than initiating a complex conversation. Such
decisions should be documented and reviewed because they
affect access.

Security considerations include preventing unauthorized
access and preventing manipulation through inbound chan-
nels. If the system uses large language models with prompts
that include retrieved context, prompt injection can cause
the model to disregard policy constraints. Therefore, the
generation component should be isolated from raw inbound
text, and inbound text should be parsed and normalized
before being used as conditioning. Additionally, sensitive
facts should be inserted deterministically rather than being
left for the model to reproduce. Where models must handle
user-provided text, one can apply sanitization and intent
extraction to convert it into structured variables, reducing
the risk that user text directly shapes generation [66].

Localization and language operations are ongoing tasks.
Languages evolve, and organizations may expand into new
regions. Deployment should therefore include a language
onboarding process that defines quality thresholds, human
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review protocols, and fallback behavior for each language.
It should also include processes for updating lexicons, such
as clinic names, provider titles, and local transportation
references. In multilingual environments, even the spelling
of clinic names may vary by language, and inconsistencies
can confuse patients. Maintaining a multilingual terminology
database that is used by both retrieval and generation can
improve consistency [67].

Another practical challenge is handling outbound deliver-
ability and channel constraints. SMS delivery can fail due
to carrier issues, and certain characters may be unsupported
in some networks. For languages using non-Latin scripts,
SMS may be encoded differently, reducing character limits.
The generation system should be aware of these constraints
and should adapt message length accordingly. It should also
avoid characters that can be misrendered. For languages that
require more characters to express the same content, the
system may need to prioritize essential facts and provide
links or call options for additional details.

Measuring real-world impact requires careful interpreta-
tion [68]. Changes in no-show rates or call volume can reflect
external factors. Moreover, improvements for one language
group can coincide with declines for another if resources are
reallocated. Governance should therefore include periodic
equity reviews that examine outcomes by language, age
group, and other relevant categories, while respecting privacy
and avoiding inappropriate profiling. These reviews can
guide investments in language resources and improvements
in model performance where disparities are detected.

Finally, documentation and training are part of deploy-
ment. Staff need to understand how the system behaves, what
it can and cannot do, and how to intervene when it fails [69].
Patients also benefit from transparency, such as knowing
that messages are automated and how to request a human.
In multilingual contexts, transparency statements should be
available in the patient’s language. Clear communication
about opt-out and preference update mechanisms can reduce
frustration and improve trust.

VII. Conclusion

Personalized healthcare customer messaging using multi-
lingual clinical and service text is best approached as a
constrained, multi-component NLP system rather than a
single generative model. The core technical requirement
is to transform heterogeneous sources into communication-
appropriate facts and strategies while enforcing privacy,
safety, and policy constraints. Multilinguality adds complex-
ity because correctness includes pragmatic and cultural ade-
quacy in addition to semantic fidelity, and because language
coverage and quality can become equity concerns when
uneven. Effective systems therefore combine deterministic

planning from authoritative sources, multilingual retrieval
of vetted phrasing, controlled generation for adaptation, and
rigorous verification that checks entity consistency, modality,
and channel-appropriate disclosure [70].

Personalization is valuable when it improves clarity, re-
duces friction, and respects consent, but it introduces risk
when it surfaces sensitive attributes or relies on biased
historical signals. A conservative personalization approach
emphasizes explicit preferences, uncertainty-aware updates,
and routing to humans when confidence is low. Evaluation
must match this reality by measuring semantic fidelity to
message plans, privacy and safety violations, readability,
tone appropriateness, and disparities across languages and
dialects. Offline testing should be complemented by online
monitoring with per-language segmentation, canary releases,
and rapid rollback capabilities.

Deployment in healthcare requires governance that defines
which message categories can be automated, how consent is
enforced, how audits are conducted, and how human over-
sight is integrated. Practical success depends on robust inte-
gration with operational systems, careful handling of identity
and channel constraints, and sustained language operations
for terminology and localization. Within these constraints,
multilingual NLP can support clearer and more accessi-
ble communication, provided that system design prioritizes
provenance, verification, and equitable service quality across
languages rather than maximizing generative flexibility [71].
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