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Abstract

Obstetric ultrasound is critical for monitoring fetal growth, yet in many low-resource settings, healthcare workers who
perform or receive ultrasound measurements lack the training to interpret them clinically. We present a system that
automatically generates role-adapted clinical reports from fetal biometry measurements, targeting six healthcare
worker roles across three expertise levels. The system combines Retrieval-Augmented Generation (RAG) from
a knowledge base extracted from the World Health Organization (WHO) Manual of Diagnostic Ultrasound with
deterministic fetal growth percentile computation based on INTERGROWTH-21st international standards. The
knowledge base is designed for multilingual extensibility: since the source material is from an official WHO document,
entries can be translated into any target language by domain experts or machine translation services. A key design
principle is that clinical decision support (red, yellow, and green alerts) is derived deterministically from percentile
thresholds, not from the language model, ensuring safety regardless of LLM output quality. Evaluation demonstrates
sub-millimeter accuracy in percentile computation, 100% correctness in decision support classification, measurable
readability differentiation across roles (Flesch-Kincaid grade 8.8 for community health workers vs. 11-13 for clinical
roles), and 98% factual consistency across 42 generated reports spanning seven clinical scenarios. The system is
designed for local deployment without internet connectivity.
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1. Introduction

Fetal growth monitoring through ultrasound biom-
etry is a cornerstone of antenatal care. Measure-
ments such as head circumference (HC), biparietal
diameter (BPD), abdominal circumference (AC), fe-
mur length (FL), and estimated fetal weight (EFW)
are compared against population-based reference
standards to identify growth abnormalities that may
require clinical intervention (Papageorghiou et al.,
2014).

However, in many low and middle-income coun-
tries (LMICs), the healthcare workers who obtain
or receive these measurements, such as commu-
nity health workers, nurses, and midwives, often
lack the specialized training to interpret percentile
values, identify abnormal growth patterns, or formu-
late appropriate clinical recommendations (World
Health Organization, 2013). This interpretation gap
means that even when ultrasound equipment is
available, the clinical value of the measurements
may be lost.

Large language models (LLMs) have shown
promise in generating clinical text (Singhal et al.,
2023), but deploying them in medical settings
raises safety concerns: an LLM might generate
plausible but incorrect clinical recommendations.
This risk is amplified in low-resource settings where
there may be no specialist available to catch errors.

We address these challenges with a system that:

1. Generates role-adapted clinical reports from
ultrasound measurements, adjusting language
complexity and clinical detail for six healthcare
worker roles across three expertise levels (ba-
sic, intermediate, advanced).

2. Computes fetal growth percentiles determinis-

tically using INTERGROWTH-21st equations
(Papageorghiou et al., 2014; Stirnemann et al.,
2020), ensuring that the quantitative assess-
ment is independent of the LLM.

3. Provides deterministic decision support

(red/yellow/green alerts) based on percentile
thresholds, not LLM output, which is a
critical safety design for contexts where the
user cannot independently verify clinical
recommendations.

4. Supports multilingual extensibility through a

modular knowledge base extracted from the
WHO Manual of Diagnostic Ultrasound, Vol-
ume 2. Since entries are sourced from an
official WHO document, they can be translated
into any language via professional translators
or machine translation, enabling deployment
across diverse linguistic settings.
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2. Related Work

Large language models have advanced rapidly in
medical applications, from clinical question answer-
ing (Singhal et al., 2023) to clinical text summa-
rization, where adapted LLMs can match or out-
perform medical experts (Van Veen et al., 2024).
Thirunavukarasu et al. (2023) review LLM deploy-
ment across clinical domains, identifying promising
applications alongside persistent concerns about
factual reliability. However, most work targets high-
resource settings with specialist oversight, leaving
a gap for environments where such oversight is
unavailable.

For medical report generation specifically, ear-
lier approaches used encoder-decoder architec-
tures to produce text from medical images (Li et al.,
2018; Chen et al., 2020). Retrieval-augmented gen-
eration (RAG) offers an alternative by grounding
generation in authoritative sources (Lewis et al.,
2020). Xiong et al. (2024) benchmarked medi-
cal RAG across five QA datasets, showing that
retrieval quality critically determines whether RAG
helps or harms performance. Our system uses
RAG to ground narratives in WHO reference ma-
terial, while relying on deterministic computation
rather than the LLM for quantitative assessments.

A key challenge is that LLM-generated clinical
text is prone to hallucination. Pal et al. (2023) intro-
duced Med-HALT, the first benchmark for medical
hallucinations, revealing significant variation across
models. Jeblick et al. (2024) found that ChatGPT-
simplified radiology reports occasionally contain
incorrect or potentially harmful statements, even
when the overall quality is high. Wiest et al. (2024)
showed that locally-deployed open-source LLMs
can achieve high accuracy for clinical information
extraction while preserving data privacy, which is
an approach our system also adopts. We go further
by ensuring that safety-critical decision support is
never derived from LLM output.

Despite these advances, most clinical NLP
research remains focused on English-language
EHRs (Electronic Health Records) in high-resource
hospitals (Johnson et al., 2016). Ciecierski-Holmes
et al. (2022) review Al deployments in LMICs and
identify persistent barriers including the lack of rep-
resentative datasets in under-resourced languages.
For obstetric care specifically, Della Ripa et al.
(2025) surveyed providers in African LMICs and
found that clinical decision support alongside Al-
enabled point-of-care ultrasound is deemed essen-
tial for improving antenatal outcomes, which is a
need our system directly addresses.

Adapting medical text for different readers is well-
established in health literacy research (Nutbeam,
2008). Recent work has applied LLMs to this task:
Spina et al. (2024) demonstrated that GPT mod-

els can tailor information complexity to specific ed-
ucation levels, and Jeblick et al. (2024) showed
ChatGPT can simplify radiology reports for patients.
However, these studies focus on binary adapta-
tion (expert vs. patient), whereas our system imple-
ments graduated adaptation across six healthcare
worker roles at three expertise levels.

Our percentile computations build on the
INTERGROWTH-21st international fetal growth
standards (Papageorghiou et al., 2014) and the
Hadlock formula for estimated fetal weight (EFW)
(Hadlock et al., 1985), with EFW reference curves
from Stirnemann et al. (2020).

3. System Architecture

Our system consists of four components: (1) a mul-
tilingually extensible knowledge base with retrieval
pipeline, (2) an INTERGROWTH-21st percentile
computation module, (3) a role-adapted prompt
construction engine, and (4) a deterministic deci-
sion support layer. Figure 1 illustrates the overall
architecture.

Ultrasound Measurements
HC, BPD, AC, FL + Gestational Age

Deterministic
Computation

RAG Pipeline

RAG Pipeline INTERGROWTH-21st Module
WHO KB -> ChromaDB -> Top-k retrieval Polynomial p/oc - Z-scores -> Centiles
Role-Adapted Prompt Deterministic Decision Support
6 roles x 3 levels Centile thresholds - Red/Yellow/Green

LLM (Llama 3, local)
Clinical narrative

N/

PDF Report
Narrative + Percentiles + Alerts

Percentile + Alert

Figure 1: System architecture. Measurements flow
through two independent paths: the RAG pipeline
generates a clinical narrative via a locally-deployed
LLM, while the INTERGROWTH-21st module com-
putes percentiles that feed a deterministic decision
support layer. The decision support alerts are never
derived from LLM output.

3.1.

The knowledge base contains 171 entries extracted
from the WHO Manual of Diagnostic Ultrasound,
Volume 2 (World Health Organization, 2013). Each
entry comprises a text passage with metadata
(chapter, header, section, page number). Since
the source material is from an authoritative WHO
document, entries can be translated into any target
language by professional translators for clinical-
grade accuracy or via machine translation APIs for

Knowledge Base and RAG Pipeline
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rapid prototyping. As a proof of concept, we include
machine-translated Swabhili entries to demonstrate
multilingual extensibility for East African deploy-
ment scenarios.

For retrieval, entries are encoded using the
paraphrase-multilingual-MinilM-L12-
v2 sentence transformer (Reimers and Gurevych,
2019) and stored in a ChromaDB vector database.
Given a set of ultrasound measurements, the sys-
tem generates search queries from measurement
types and values, retrieves the top-k most relevant
knowledge base entries, and includes them as
context in the LLM prompt.

The architecture is LLM-agnostic: any model
served through Ollama can be used as the genera-
tion backend. In our experiments, we use Llama 3
8B (Grattafiori et al., 2024) as it offers a good
balance between capability and resource require-
ments for local deployment. For non-English output,
a multilingual model variant can be used.

3.2. INTERGROWTH-21st Percentile

Computation

Rather than relying on the LLM to interpret
whether measurements are normal, we compute
percentiles deterministically using the published
INTERGROWTH-21st equations. For fetal biome-
try (HC, BPD, AC, FL, OFD), the z-score is com-
puted as:

z — pu(GA)

“ T T 5(GA) A
where z is the measured value and ¢ and o are
gestational-age-specific polynomial functions de-
rived from the INTERGROWTH-21st study. The
centile is then obtained via the standard normal
CDF: C = o(z).

For estimated fetal weight, we first compute EFW
using the Hadlock formula from HC, AC, and FL
measurements (Hadlock et al., 1985), then com-
pute the z-score using the Box-Cox Power Expo-
nential (BCPE) distribution parameters published
by Stirnemann et al. (2020):

A

where )\, 1, and o are gestational-age-specific pa-
rameters. The valid gestational age range is 141°
to 4016 weeks for biometry and 18+ to 4076 weeks
for EFW.

ZEFW =

3.3. Role-Based Adaptation

The system defines six healthcare worker roles
organized into three expertise levels, as shown in
Table 1.

Level Roles Language Style
Basic CHW Plain language, no
jargon, clear action
items
Intermediate Nurse, Mid- Medical terms with ex-
wife planations
Advanced Clin. Officer, Full terminology, differ-
Sonogra- entials, mgmt. plan
pher, GP

Table 1: Healthcare worker roles and expertise
levels. CHW = Community Health Worker, GP =
General Practitioner.

Role adaptation is achieved through role-specific
instructions injected into a structured prompt tem-
plate. The prompt takes the form: “You are
a medical assistant helping a {role} analyze ul-
trasound measurements. Use ONLY the refer-
ence knowledge below.” It then provides (1) role-
specific instructions, (2) the raw measurements
with INTERGROWTH-21st percentile assessments,
(3) retrieved knowledge base entries as reference
context, and (4) general instructions requiring the
LLM to use the percentile assessment as the pri-
mary reference, cite sources, and not invent infor-
mation beyond the provided context.

Role-specific instructions control language com-
plexity. For example, the Community Health Worker
prompt instructs: “Explain in simple, non-technical
language [...] Use plain terms instead of medi-
cal jargon (e.qg., ‘baby head size’ instead of ‘head
circumference’). End with a clear ACTION: either
‘Continue routine care’ or ‘REFER to hospital’” In
contrast, the General Practitioner prompt requests
“full medical terminology, percentile interpretation,
differential diagnosis considerations, and recom-
mended management plan.” Intermediate roles
(Nurse, Midwife) receive instructions that use stan-
dard medical terminology but include explanations
of complex findings.

3.4. Deterministic Decision Support

A critical design decision is that clinical urgency
classification is never derived from LLM output.
Instead, a deterministic algorithm evaluates the
INTERGROWTH-21st percentiles:

* Red (URGENT): Any measurement < 3rd or
> 97th percentile.

. (FOLLOW UP): Any measurement in
the 3rd-10th or 90th-97th percentile range (and
none red).

+ Green (NORMAL): All measurements be-
tween the 10th and 90th percentile.
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The worst flag across all measurements deter-
mines the overall severity. Each role level receives
a severity-appropriate message: basic-level work-
ers receive simple referral instructions (“Refer to
hospital immediately”), while advanced-level work-
ers receive clinical guidance (“Consider detailed
anatomical survey, Doppler assessment, and spe-
cialist referral”).

This separation ensures that even if the LLM
generates an inaccurate narrative, the action rec-
ommendation remains correct.

4. Evaluation

We evaluate six aspects of the system: (1) per-
centile computation accuracy, (2) decision sup-
port correctness, (3) report readability across
roles, (4) factual consistency of generated reports,
(5) qualitative role differentiation, and (6) compari-
son against a template baseline.

Evaluations 1-2 use the project’s deterministic
test suite: 94 unit tests that verify percentile com-
putation against the published INTERGROWTH-
21st reference tables and decision support classi-
fication against hand-labeled cases covering nor-
mal, borderline, and abnormal scenarios, including
boundary conditions (e.g., a centile of exactly 3.0
classified as yellow vs. 2.9 as red). Of these, 17
specifically target the decision support classifier
(Section 3.4).

Evaluations 3-6 use 42 reports generated by
Llama 3 (8B, Q4_K_M quantization). We de-
signed seven clinical scenarios that span the full
severity spectrum: three normal cases at different
gestational ages (16, 30, and 38 weeks) to test
age-dependent interpretation, one borderline-low
case (measurements near the 5th percentile), one
abnormal-low case (measurements below the 3rd
percentile), one case with multiple abnormal mea-
surements, and one abnormal-high/macrosomia
case (measurements above the 97th percentile).
Each scenario was generated for all six roles, yield-
ing 7 x 6 = 42 reports. While the dataset is modest
in size, the scenarios were selected to cover every
decision support category and clinical direction of
abnormality (low and high), providing systematic
coverage of the system’s behavior space. Fac-
tual consistency was evaluated using automated
negation-aware checks that verify agreement be-
tween each report’s narrative content and the com-
puted percentile data (details in Section 4.4).

4.1. Percentile Accuracy

We compared the equation-computed mean (i)
values against the official INTERGROWTH-21st
percentile tables for gestational ages 14-40 weeks.
Table 2 shows the results.

Measure GA Range Max Err. Mean Err.

(mm) (mm)
HC 14-40 wk 0.05 0.02
BPD 14-40 wk 0.05 0.02
FL 14-40 wk 0.05 0.03

Table 2: Equation accuracy vs. INTERGROWTH-
21st reference tables (50th percentile) across N =
27 gestational age weeks per measurement.

Scenario Cases Correct Acc.
Normal (10th-90th) 4 4 100%
Borderline (3-10/90-97) 5 5 100%
Abnormal (<3/>97) 4 4 100%
Red-overrides-yellow 1 1 100%
Boundary + edge cases 3 3 100%
Total 17 17 100%

Table 3: Decision support classification accuracy.
All cases classified correctly, including boundaries
(e.g., centile of exactly 3.0 — yellow; 2.9 — red).

HC, BPD, and FL show sub-millimeter accuracy
across all 27 gestational age weeks, confirming
faithful implementation of the published equations.
The EFW centile computation was validated by
round-trip testing: feeding reference table values
(3rd, 50th, 97th percentiles) through the centile
function yields maximum errors of 0.003 centile
units for p50 across 19 GA weeks (22-40).

4.2. Decision Support Safety

We tested the decision support classification with
17 test cases covering normal, borderline, and ab-
normal scenarios, including edge cases at classifi-
cation boundaries (Table 3).

All 17 cases were classified correctly, including
the red-overrides-yellow propagation test.

4.3. Readability Across Roles

We computed standard readability metrics for all
42 generated reports. Table 4 shows the results
per role, averaged across seven scenarios.

Reports for the basic-level role (CHW) are writ-
ten at the lowest reading level (FK grade 8.8, cor-
responding to 8th-9th grade), while clinical roles
(Nurse through GP) produce reports at FK grade
10-14 (college-level prose). The Flesch reading
ease confirms this: CHW reports score 49.0, while
most clinical roles score 27-37.

The Sonographer role is a notable exception
among advanced roles, producing reports with
a lower FK grade (10.2) and higher reading
ease (42.6) than expected. Inspection reveals
that Sonographer reports are structured as con-
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Role Level FK Grade FK Ease Fog
CHW basic 8.8 49.0 13.0
Nurse interm. 11.2 36.5 15.4
Midwife interm. 13.6 271 18.1
Clin. Officer adv. 12.0 32.3 16.4
Sonographer  adv. 10.2 42.6 14.6
GP adv. 11.9 31.3 16.7

Table 4: Readability metrics per role, averaged
across 7 scenarios (IV =42 reports). FK = Flesch-
Kincaid; FK grade and Gunning Fog correspond to
US school grade levels; FK reading ease ranges
from O (hardest) to 100 (easiest).

Scenario Reports Consistent Acc.
Normal (16w/30w/38w) 18 18 100%
Borderline low 6 6 100%
Abnormal low 6 6 100%
Multiple abnormal 6 6 100%
Abnormal high (macro- 6 5 83%
somia)

Total 42 41 98%

Table 5: Factual consistency of generated reports.
Negation-aware matching distinguishes “no signs
of growth restriction” from “growth restriction is sus-
pected.”

cise per-measurement technical assessments with
short, declarative sentences (e.g., “The measured
value of 279.0 mm falls within the normal range”),
whereas GP and Clinical Officer reports use longer
discursive paragraphs with subordinate clauses.
This reflects a genuine difference in clinical com-
munication style: sonographers typically produce
structured technical findings, while clinicians pro-
duce narrative interpretations. The readability met-
rics thus capture both prompt-driven adaptation and
role-appropriate discourse patterns.

4.4. Factual Consistency

We evaluated whether generated reports contra-
dict the known percentile data using automated
negation-aware checks across all 42 reports (Ta-
ble 5).

Consistency checks verify that: (1) reports for
normal measurements do not contain non-negated
alarm terms (e.g., “urgent,” “growth restriction”),
(2) reports for abnormal measurements express
appropriate concern, and (3) mentioned percentile
values do not deviate from computed values by
more than 30 percentage points.

Of 42 reports, 41 passed (98%). The single fail-
ure occurred in the macrosomia scenario (measure-
ments >99th percentile): the Sonographer report
mentioned “intrauterine growth restriction” despite

Community Health Worker (basic level):

“[...] The baby’s head size is smaller than normal for this
age. [...] | recommend REFERRAL to the hospital for
further evaluation. This referral is needed because the
baby’s head size is significantly below expected.”

General Practitioner (advanced level):

“[...] Head Circumference: 240.0 mm, significantly be-
low the expected mean of 278.4 mm (0.0th percentile,
z-score —4.15). [...] This may indicate a small-for-
gestational-age (SGA) fetus. [...] Proper clinical man-
agement of intrauterine growth restriction requires mater-
nal hospitalization and strict fetal surveillance, including
a non-stress test and serial Doppler velocity waveform
measurements.”

Figure 2: Excerpted reports for the same abnormal
scenario. The CHW report uses plain language and
a clear REFER action; the GP report includes z-
scores, differential diagnosis (SGA), and a detailed
management plan.

all measurements being above the expected range.
This error traces to the RAG pipeline, which re-
trieves growth restriction content for any abnormal
measurement query without distinguishing the di-
rection of abnormality. While the deterministic deci-
sion support correctly flagged this case as urgent,
the LLM narrative contained clinically contradictory
information, illustrating precisely why the system’s
safety-critical decisions are not derived from LLM
output.

4.5. AQualitative Role Differentiation

Figure 2 shows excerpted outputs for the same
abnormal scenario (HC at Oth percentile, 30 weeks)
generated for a Community Health Worker and a
General Practitioner.

The CHW report uses accessible language
(“baby’s head size is smaller than normal”) and
ends with a clear action (REFER), while the GP
report includes z-scores, references to SGA classi-
fication, and specific clinical management recom-
mendations (Doppler assessment, non-stress test).
This qualitative difference, combined with the quan-
titative readability results in Table 4, confirms that
role adaptation is functioning as designed.

4.6. Template Baseline Comparison

To quantify the value added by the LLM over sim-
ple rule-based generation, we compared the RAG-
generated reports against a template baseline that
fills measurement values and decision support rec-
ommendations into fixed sentence patterns (Ta-
ble 6).

LLM-generated reports are 2-4 x longer than tem-
plates and contain nearly twice as many medical
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Level Source FK Grade Words Med. Terms
Basic LLM 8.8 196 5.3
Tmpl 9.8 65 1.4
Interm LLM 124 251 9.2
" Tmpl 9.9 90 5.1
Adv LLM 11.3 333 9.0
) Tmpl 9.9 90 5.1

Table 6: LLM-generated reports vs. template base-
line. Words = average word count; Med. Terms
= count of 20 clinical terms (e.g., “differential,”
“Doppler,” “SGA”) found per report.

terms (5-9 vs. 1-5). Critically, the LLM produces
meaningful readability differentiation between roles
(FK grade 8.8 for basic vs. 12.4 for intermediate),
while templates produce nearly uniform readabil-
ity (FK 9.8-9.9) regardless of the target role. The
templates also lack clinical context: they report
measurements and a recommendation but cannot
provide differential diagnosis considerations, man-
agement plans, or references to clinical guidelines
that the RAG-grounded LLM incorporates.

5. Discussion

5.1.

Our central design principle, that decision sup-
port must be deterministic, not LLM-generated,
addresses a fundamental concern with deploying
language models in clinical settings. The LLM
provides valuable clinical narrative that contextual-
izes the measurements, but it does not determine
whether a patient needs referral. This separation
allows the system to be useful even when LLM
output quality varies, which is particularly impor-
tant when using smaller, locally-deployed models
(8B parameters, 4-bit quantization) in low-resource
settings.

The factual consistency evaluation (Section 4.4)
provides evidence that this design works in prac-
tice: across 42 generated reports spanning seven
scenarios, 41 were factually consistent (98%). The
single failure, a Sonographer report that mentioned
“intrauterine growth restriction” for a macrosomia
case, illustrates a known RAG limitation: retrieval
queries based on abnormal measurements do not
distinguish the direction of abnormality. Importantly,
this narrative error did not affect the determinis-
tic decision support, which correctly classified the
case as urgent. The template baseline comparison
(Section 4.6) further validates the LLM'’s contribu-
tion: RAG-grounded reports provide 2-4x more
content, meaningful readability differentiation, and
clinical context (differential diagnoses, manage-
ment plans) that static templates cannot offer.

Design Principles for Clinical Safety

5.2. Low-Resource Deployment

The system runs entirely locally using Ollama, re-
quiring no internet connectivity or cloud API ac-
cess. This is critical for deployment in settings with
limited or unreliable internet infrastructure. The
locally-deployed LLM also addresses data privacy
concerns, as patient measurements never leave
the local device.

The knowledge base architecture is designed for
multilingual extensibility. Since entries are sourced
from an official WHO document, they can be trans-
lated into any target language by local healthcare
organizations or professional translators to produce
clinically validated versions. The modular design
allows new languages to be integrated without mod-
ifying the retrieval or generation pipeline.

5.3. Limitations

We have not yet conducted a user study with health-
care workers; readability metrics provide an objec-
tive proxy for language complexity but do not cap-
ture whether reports are understandable, action-
able, or trustworthy for the intended audience. The
factual consistency evaluation relies on negation-
aware keyword matching, which covers the most
critical error class (misidentifying normal vs. abnor-
mal) but does not replace expert annotation. Al-
though the knowledge base architecture supports
multilingual deployment and we include machine-
translated Swahili entries as a proof of concept,
no direct evaluation of multilingual output quality
was performed; validating retrieval and generation
in non-English settings remains necessary before
deployment. The knowledge base scope is also
limited to 171 entries from a single WHO manual,
which suffices for the fetal biometry use case but
may lack coverage for more complex or ambigu-
ous clinical scenarios. Finally, our evaluation uses
a single model (Llama 3, 8B parameters); perfor-
mance may vary across models. User studies,
expert-annotated evaluation, multilingual evalua-
tion, and multi-model comparison are planned as
future work.

6. Conclusion

We presented a system for generating role-adapted
clinical reports from obstetric ultrasound measure-
ments, designed for healthcare workers in low-
resource settings. The system combines RAG from
a multilingually extensible WHO knowledge base
with deterministic INTERGROWTH-21st percentile
computation and a safety-focused decision support
layer. Evaluation across 42 reports spanning seven
clinical scenarios demonstrates: (1) sub-millimeter
accuracy in percentile computation, (2) perfect de-
cision support classification across 17 test cases,
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(3) measurable readability differentiation across
roles (FK grade 8.8 for community health workers
vs. 11-14 for clinical roles), (4) 98% factual consis-
tency with a single instructive failure that validates
the deterministic safety layer, and (5) substantial
improvement over template baselines in content
richness and role differentiation. The system is
designed for local deployment without internet con-
nectivity.

Ethics Statement

This system is designed as a clinical decision sup-
port tool and is not intended to replace professional
medical judgment. The deterministic decision sup-
port layer is designed to prioritize caution, recom-
mending referral for any measurement outside nor-
mal ranges. The system has not been validated in
a clinical setting and should not be used for clinical
decision-making without appropriate validation and
regulatory approval.
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