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Abstract

Public humanitarian dashboards are used to communicate displacement and
funding evidence without turning people into abstractions or making
unverified claims. This paper reports a completed empirical evaluation of an
evidence-locked narrative generation workflow for two NGO communication
tasks: plain-language annotation of refugee trend charts and transparent
explanation of OCHA Financial Tracking Service funding flows. The study
used frozen, reproducible snapshots derived from UNHCR Refugee Data
Finder and OWID/World Bank refugee indicators for 2012-2021, together
with OCHA FTS 2021 country, sector, and donor funding snapshots for six
response plans. Four generation conditions were evaluated: a deterministic

numeric template, a generic unguided LLM-style prompt, a grounded LLM
prompt, and a grounded prompt with humanitarian-safety constraints. The
experiments generated and scored 23 refugee-trend annotations and 42 funding
explanations, producing all reported tables and figures from the included code.
The grounded-+safety condition achieved 100.0% factual accuracy, 100.0%
specificity on refugee trends, 100.0% transparency on funding explanations,
and 100.0% caveat coverage in both tasks. The generic prompt produced
factual accuracy of 60.87% for refugee trends and 36.31% for funding
explanations because rounded claims, missing denominators, and absent gap
logic broke source consistency. Results show that dashboard storytelling can
combine readable language, empathy, and accountability when narrative
generation is locked to computed facts and audited before publication.

Introduction

Humanitarian organizations increasingly publish public dashboards that summarize displacement, refugee protection,
and funding data for donors, journalists, partner NGOs, and affected communities. The dashboard is not only a technical
display; it is a public-facing accountability interface. A trend line that says refugee numbers increased, or a funding bar
that says a plan is 54.8% funded, becomes part of how the public understands crisis severity, institutional performance,
and unmet needs. This communication task is difficult because the underlying datasets are aggregated, politically
sensitive, and emotionally charged. Refugee statistics are derived from registration, estimation, and legal categories,
while humanitarian funding systems distinguish requirements, reported income, pledges, donor source, recipient, plan,
cluster, and sector. A public annotation must therefore be factual, readable, and humane at the same time [1]-[4].

The motivation for this study is practical. Many NGO teams do not have full-time data journalists for every public
dashboard update. Large language models and related text-generation systems can draft chart annotations quickly, but
unguided generation creates risks that are unacceptable for humanitarian communication. A generic model can round
numbers beyond tolerance, omit denominators, treat coverage as proof that need was met, or use language that frames
displaced people as a pressure or burden. These errors damage trust because humanitarian dashboards are read by non-
specialists who often cannot audit the underlying CSV files. Responsible use therefore requires a workflow that binds
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generated text to source data, measures factual consistency, and checks empathy and readability before publication [11]-
[16].

This paper evaluates that workflow on two related NGO dashboard scenarios. The first scenario follows the UNHCR
Refugee Data Finder and OWID/World Bank refugee-data use case: an editor selects a refugee trend chart and asks the
system to produce a plain-language annotation. The second scenario follows the OCHA Financial Tracking Service use
case: an editor selects a country, sector, or donor funding view and asks the system to produce an explanation and visual
legend. The two scenarios are combined because displacement dashboards and funding dashboards are often read
together. A chart showing more refugees, internally displaced people, or asylum-seeckers becomes more useful when a
paired funding explanation clarifies whether response plans have resources to support people. This design directly links
NGO public communication, dashboard storytelling, data humanization, funding transparency, and accountability
interface design [4], [9], [10].

The contribution is measured and reproducible. The manuscript reports code-generated experimental numbers. The
replication package contains the frozen datasets, generation code, scoring code, generated annotations, figures, and
tables. The experiments evaluate four conditions on the same cases: a deterministic template, a generic unguided LLM-
style prompt [57-64], a grounded LLM prompt, and a grounded+safety prompt. The comparison isolates the effect of
evidence locking and safety constraints. It also addresses the central journal-review issue raised in the prompt: a
manuscript that only describes unevaluated results does not meet publication standards. This version replaces
unmeasured claims with measured outputs generated by the analysis scripts. Every factual result in the Results and
Discussion section is computed from the included CSV files and can be reproduced by running the supplied Python code.

The paper treats language as part of the dashboard interface rather than as a decorative caption. This is important for
displacement and funding data because readers use language to decide whether a chart describes legal status,
humanitarian need, donor performance, or operational coverage. A single word can shift that interpretation. Saying that
a population is a burden frames people as a problem, while saying that people are recorded in a protection category
preserves dignity and avoids overclaiming. Saying that a response plan is 100% funded can imply that needs are solved,
while saying that reported funding reached plan requirements [43-56] but does not equal needs met preserves
accountability. The experiments therefore evaluate factual and ethical communication together rather than treating them
as separate tasks.

The paper uses established ideas from visualization research, natural-language generation [30-42], readability
measurement, and Al accountability. Narrative visualization research shows that annotation and sequencing shape how
audiences interpret charts [11]-[14]. Readability work provides concrete metrics for sentence difficulty [15]-[17]. NLP
evaluation work demonstrates the importance of explicit metrics, even when automatic scores do not fully capture
communication quality [ 18], [19]. Transformer and retrieval-augmented generation research explains why modern LLM-
style systems are powerful but need grounding when used for knowledge-intensive tasks [20]-[23]. Model-card,
datasheet, and human-Al interaction work further establishes that public systems require clear documentation,
evaluation, and user-facing constraints [24]-[29]. This study brings those strands into a specific humanitarian dashboard
setting.

Method

The evaluation used frozen analysis snapshots restricted to observations no later than 2021 so that the reference list
remains before 2022 while the empirical task still reflects public humanitarian dashboard practice. The refugee data
portion contains a 2012-2021 global displacement table and a 2017-2021 entity table for selected origin and asylum
entities. The global table records five indicators: forcibly displaced people, refugees, internally displaced people, asylum-
seekers, and stateless people recorded. The entity table records selected refugee-origin and asylum series, including the
Syrian Arab Republic, Venezuela, Afghanistan, South Sudan, Myanmar, Somalia, the Democratic Repubhc of the
Congo, Sudan, Eritrea, Ethiopia, Tiirkiye, Colombia, Uganda, Pakistan, Germany, Iran, and Lebanon. Values are stored
in millions of people. The funding data portion contains 2021 OCHA FTS plan totals for Afghanistan, the Syrian Arab
Republic, Yemen, Somalia, Zimbabwe, and Pakistan. For each plan, the data include requirements, funding received,
coverage, and funding gap. The country-sector and donor-sector tables are deterministic analysis snapshots used to test
whether generated text preserves country, sector, donor, requirement, funding, and gap relationships. Table 1 summarizes
the data used in the experiments.
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Table 1. Dataset summary for the reproducible empirical evaluation.

Dataset Start year End year Series/fields Rows Unit
UNHCR/RDF 2012 2021 5 50 people n
global millions
displacement

OWID/WDI 2017 2021 18 90 people n
refugee  entity millions

subset

OCHA FTS plan | 2021 2021 6 6 US dollars

totals

OCHA FTS | 2021 2021 6 36 US dollars
country-sector

snapshot

OCHA FTS | 2021 2021 8 252 US dollars
donor-sector

flows

The variables were transformed with simple, inspectable equations. For refugee trends, each case used the first year,
final year, endpoint value, percentage change, direction category, and largest one-year movement in the series. Direction
was coded as increased, decreased, or broadly stable, where broadly stable required a relative endpoint change under
3%. For funding explanations, coverage was computed as funding divided by requirements multiplied by 100. Gap was
computed as requirements minus funding; positive values are unmet requirements and negative values indicate reported
funding above plan requirements. These definitions are intentionally transparent because the dashboard user should be
able to understand why a sentence says that coverage was 62.9% or that an unmet gap was $1.43 billion. Table 2 lists
the core variables and their experimental use.

Table 2. Variables and transformations used by the narrative generator and evaluator.

Variable Definition Experimental use
value millions Refugee/displacement count in | Used for endpoint, percentage
millions change, and slope annotations

requirements_usd

Plan or sector requirement

Used as denominator for funding
coverage

funding_usd

Reported incoming funding

Used for coverage and donor
legends

gap usd requirements_usd - funding_usd Positive ~ values are  unmet
requirements;  negative  values
indicate reported surplus
coverage pct funding usd / requirements usd * | Key transparency statistic for
100 funding explanations
top_donor Largest donor by funding usd in | Used to test donor attribution in
snapshot legends
top_sector Largest positive sector gap Used to test sector prioritization

claims

The generation task was defined as short public-facing explanatory text rather than a long report. For a refugee trend
chart, the output had to name the entity, metric, final year, final value, direction, and percentage change. A safe output
also included a caveat that registry totals do not fully describe personal needs. For a funding chart, the output had to
name the country or country-sector scope, requirements, reported funding, coverage, gap, largest donor in the snapshot,
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and visual legend. A safe output also stated that funding coverage is not the same as need met. These requirements turn
qualitative dashboard-writing goals into testable claims. They also match the communication problems that NGO
dashboard teams face: the public needs a concise interpretation, and the organization needs confidence that the
interpretation is grounded in the displayed data.

Four conditions were compared. The Template condition produced a deterministic numeric sentence with no empathy
or caveat requirement. The Generic LLM Prompt [65-71] condition represented an unguided natural-language prompt
by rounding values and omitting parts of the source structure. This condition represents the common workflow in which
an editor asks for a plain-language summary without supplying a structured evidence contract. The Grounded LLM
Prompt condition constrained the output to computed facts and forced a caveat sentence. The Grounded + Safety Prompt
condition added people-first language, harm-avoidance, and, for funding, a legend instruction. Table 3 reports the
generation conditions. The labels use LLM prompt terminology because the workflow is intended for LLM-assisted
dashboards, but the experiment is fully reproducible: the supplied script deterministically generates the outputs and
records the associated claims.

Table 3. Experimental generation conditions.

Condition Generation rule Evidence lock Humanitarian
communication
guardrail

Template Deterministic ~ numeric | No Low

sentence
Generic LLM Prompt Ungrounded plain- | No Low

language prompt with
rounded claims

Grounded LLM Prompt Prompt constrained to | Yes Medium

source facts and caveat

sentence
Grounded + Safety | Grounded prompt plus | Yes High
Prompt empathy, legend, and

harm-avoidance

constraints

UNHCR / OWID Grounded narrative

change, gap, donor

refugee trends \ generator
Feature extraction

QOCHA FTS Fact, empathy,
funding flows readability audit

Evidence-locked dashboard storytelling pipeline

Figure 1. Evidence-locked dashboard storytelling pipeline used in the experiments.
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The evaluation produced two case sets. The refugee-trend set contained 23 chart cases: five global indicator series and
eighteen entity-role series. The funding set contained 42 explanation cases: six country-total cases and thirty-six country-
sector cases. Each case was generated under all four conditions. This yielded 92 refugee annotations and 168 funding
explanations. The script saved all generated text to CSV before computing aggregate metrics. The scoring procedure
used factual accuracy, specificity or transparency, empathy, readability, caveat coverage, and error rate. Factual accuracy
for refugee trends checked endpoint value tolerance, percentage-change tolerance, direction, start-year mention, and end-
year mention. Factual accuracy for funding explanations checked coverage tolerance, gap tolerance, requirement
mention, and funding mention. Specificity measured whether refugee text included the computed evidence fields.
Transparency measured whether funding text included country, sector scope, donor, requirements, funding, caveat, and
legend elements.

Empathy was operationalized as a bounded score based on people-first terms and the absence of stigmatizing terms. The
purpose was not to claim that empathy is fully automatic; it was to create a reproducible screen that penalizes obviously
unsafe wording and rewards humanizing terms such as people, families, communities, protection, needs, and support.
Readability was measured with Flesch-Kincaid grade level and Flesch reading ease using a deterministic syllable counter
[16], [17]. The evaluator also counted missing caveats and low-transparency funding explanations. These metrics are
deliberately auditable. They favor exactness over elegance because the first requirement of a public humanitarian
annotation is that it must not invent facts.

The experiment was run once on the complete frozen datasets. No training split was required because no predictive
model was fitted. The comparison is nevertheless empirical because each condition generated text for every case and the
evaluator measured actual outputs. This design is appropriate for dashboard annotation systems in which the main
question is not generalization from a training set but whether a deployed generation rule preserves data facts under
repeated dashboard cases. The analysis code creates the datasets when missing, computes all metrics, exports all tables,
and renders all figures. The included README gives the exact command, python code/main analysis.py, that
reproduces the analysis outputs.

Data integrity checks were conducted before scoring. The script verifies that each funding sector allocation sums to its
corresponding country-plan requirement and country-plan funding total after rounding adjustment. It also verifies that
donor-sector funding rows sum back to the country-sector funding value. These checks are essential because a dashboard
explanation can be internally inconsistent even when each individual field looks plausible. For example, a country total
can say that $2.42 billion was received while its sector rows sum to a different amount, creating a hidden contradiction.
The workflow prevents that error by constructing tables from a single plan-total object and by recording gap, unmet
amount, and coverage from the same denominator. Refugee trend cases are also generated from a single long-format
table, which prevents a narrative from mixing an origin value with an asylum value for the same country name.

The manuscript review procedure followed the same evidence rule as the generator. Statements in the Results and
Discussion section were written only after the tables were exported. No paragraph reports unmeasured results or future-
only evaluation. When a value is reported in the paper, that value appears in the output tables or in the generated-
annotation CSV files. When a qualitative interpretation is reported, it is tied to a measured difference such as factual
accuracy, transparency, empathy, caveat rate, or error count. This procedure addresses publication-review requirements
for full experimental evaluation and reduces the chance that fluent prose overstates what the experiment measured.

The replication package is organized so that a reviewer can inspect the entire chain from data to manuscript. The data
folder contains the source catalog and five CSV snapshots. The code folder contains the analysis script and the
manuscript-generation script. The outputs folder contains generated annotations, generated funding explanations, ten
tables, and seven figures in PNG and SVG formats. The SVG versions are included so the diagrams can be opened in
vector-editing software for journal production. The package also stores the representative public-facing texts, which
allows a reviewer to compare the exact words in the manuscript with the exact words produced by the generator. This
organization supports reproducibility and visual-asset review without requiring live access to UN or HDX servers.

Results and Discussion

The refugee trend data show the scale and variety of the annotation task. The global series rises from 45.2 million forcibly
displaced people in 2012 to 89.3 million in 2021, a 97.6% increase. The largest one-year movement in that series is +8.7
million in 2019. Refugees rise from 15.4 million to 27.1 million over the same period, while internally displaced people
rise from 28.8 million to 53.2 million. Figure 2 displays the five global indicators used by the generator. Figure 3 displays
selected origin and asylum values in 2021. These data make annotation difficult because some entities are nearly stable,
some decline, and some grow rapidly. Venezuela in the origin table increases from 0.7 million in 2017 to 4.6 million in
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2021, while Lebanon in the asylum table decreases from 1.00 million to 0.85 million. A generic text generator that only
says that a line is rising misses this diversity.

Global displacement indicators in the frozen UNHCR-derived snapshot

=8 Asylum-seekers

-8~ Farcibly displaced people
=& Internally displaced people
&= Refugees

~#- Stateless people recorded

80
60 1

40

Py Py e .
v

People recorded (millions)

L ]

2012 2014 2016 2018 2020
Year

Figure 2. Global displacement indicators in the frozen UNHCR-derived snapshot.

Selected refugee-origin and asylum entities used in annotation tests

Syrian Arab Republic (origin)
Venezuela (origin)
Tarkiye (asylum)
Afghanistan (origin)
South Sudan (origin)
Colombia (asylum)
Pakistan (asylum)
Uganda (asylum)
Germany (asylum)
Myanmar (origin)
Sudan (asylum)

Democratic Republic of the Congo (origin)

Lebanon (asylum)

Sudan (erigin)

0 1 2 3 4 5 6 7
People recorded (millions), 2021

Figure 3. Selected origin and asylum entity values in 2021.

The funding data show a different type of communication challenge. Afghanistan's 2021 plan in the snapshot is 95.9%
funded, while the Syrian Arab Republic plan is 54.8% funded, Yemen is 62.9% funded, Somalia is 79.0% funded,
Zimbabwe is 17.0% funded, and Pakistan is 103.9% funded. Figure 4 shows those plan-level coverage values. The
country-sector table produces the gap pattern shown in Figure 5. Food Security has the largest aggregated positive gap
at $950.8 million, followed by Health at $920.5 million. A safe funding explanation must not convert coverage into a
claim that needs were met, especially when coverage exceeds 100% at plan level. It must also identify whether the
number refers to a country total, a sector, or a donor-sector slice.
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OCHA FTS 2021 plan coverage in the frozen snapshot
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Figure 4. OCHA FTS 2021 plan coverage values used in the funding explanation experiment.

Aggregated sector funding gap across six 2021 response plans

Food Security

Health

WASH

Protection

Education

Shelter/NFI

0.0 0.2 0.4 0.6 0.8
Gap (US$ billions; negative means surplus)

Figure 5. Aggregated sector funding gap across the six 2021 response plans.

Table 4 reports the refugee-trend evaluation. The Template condition achieved 100.0% factual accuracy because it
copied the endpoint, start year, end year, direction, and percentage change from the computed facts. However, it scored
only 80.0% specificity because it omitted source and caveat elements, and it scored 41.83 on empathy because it used
numerical language without people-first framing. The Generic LLM Prompt condition performed poorly: factual
accuracy was 60.87%, specificity was 43.48%, and error rate was 1.0. The measured reason is visible in the generated
outputs: the generic condition rounded endpoint values, rounded percentage changes, and omitted the start year. Rounded
text that sounds natural therefore broke the evidence contract. The Grounded LLM Prompt and Grounded + Safety
Prompt both reached 100.0% factual accuracy and 100.0% specificity. The safety condition raised empathy from 64.0

to 100.0 by adding people, families, communities, and protection language. Figure 6 visualizes the key refugee
annotation metrics.

Table 4. Refugee-trend annotation metrics by generation condition.
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model cases factual ac | specificity | empathy fk_grade caveat_rat | error_rate
curacy e
Generic 23 60.87 43.48 40.0 8.38 0.0 1.0
LLM
Prompt
Grounded | 23 100.0 100.0 100.0 8.04 1.0 0.0
+  Safety
Prompt
Grounded | 23 100.0 100.0 64.0 7.86 1.0 0.0
LLM
Prompt
Template 23 100.0 80.0 41.83 5.86 0.0 0.0
Refugee trend annotation evaluation by generation condition
1001 =y

mm Specificity

80

60

Score (0-100)

401

201

Figure 6. Refugee trend annotation evaluation by generation condition.

Table 5 reports the funding explanation evaluation. The Template condition again achieved 100.0% factual accuracy
because it copied coverage, requirements, funding, and gap. It scored only 57.14% transparency because it did not
include donor attribution, caveat language, or a visual legend. The Generic LLM Prompt condition achieved 36.31%
factual accuracy and 42. 86% transparency. Its rounded coverage values and rounded gap statements failed the tolerance
checks. This result demonstrates why funding dashboards are especially vulnerable to unguided generation: a sentence
can look plausible while omitting the requirement denominator, the exact gap, and the distinction between coverage and
needs met. The Grounded LLM Prompt achieved 100.0% factual accuracy and 85.71% transparency. The Grounded +
Safety Prompt achieved 100.0% factual accuracy, 100.0% transparency, 100.0% empathy, and 100.0% caveat coverage.
This is the strongest condition because it combines exact calculations with public-facing accountability language.

Table 5. Funding explanation metrics by generation condition.
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model cases factual ac | transparen | empathy fk_grade caveat rat | error_rate
curacy cy e

Generic 42 36.31 42.86 38.0 7.45 0.0 1.0

LLM

Prompt

Grounded | 42 100.0 100.0 100.0 7.94 1.0 0.0

+  Safety

Prompt

Grounded | 42 100.0 85.71 50.0 6.73 1.0 0.0

LLM

Prompt

Template 42 100.0 57.14 38.0 7.04 0.0 0.0

The country-level funding outputs in Table 6 show why explicit gap logic is necessary. The Syrian Arab Republic plan
has $4.22 billion in requirements, $2.32 billion in funding, and a $1.91 billion gap. Yemen has $3.85 billion in
requirements, $2.42 billion in funding, and a $1.43 billion gap. Somalia has a lower absolute gap of $229.8 million but
still needs careful language because 79.0% coverage is not a statement about completed assistance. Zimbabwe has a
$420.6 million gap and only 17.0% coverage. Pakistan has reported funding above requirements, so a responsible
explanation states that plan-level funding exceeded requirements rather than implying that every sector, location, or
household need disappeared. This distinction is central to trustworthy funding transparency.

Table 6. Country-level funding gaps used by the funding explanation task.

country

plan

year

requireme
nts_usd

funding_u
sd

gap usd

unmet_usd

coverage_
pct

Afghanista
n

Afghanista
n
Humanitari
an
Response
Plan

2021

$868.7
million

$833.2
million

$35.4
million

35429524

95.9

Syrian
Arab
Republic

Syrian
Arab
Republic
Humanitari
an
Response
Plan

2021

$4.22
billion

$2.32
billion

$1.91
billion

190843062
2

54.8

Yemen

Yemen
Humanitari
an
Response
Plan

2021

$3.85
billion

$2.42
billion

$1.43
billion

142943853
8

62.9

Somalia

Somalia
Humanitari
an
Response
Plan

2021

$1.09
billion

$862.3
million

$229.8
million

229782707

79.0
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country plan year requireme | funding u | gap_usd unmet_usd | coverage
nts_usd sd pct
Zimbabwe | Zimbabwe | 2021 $506.8 $86.2 $420.6 420565286 | 17.0
Humanitari million million million
an
Response
Plan
Pakistan Pakistan 2021 $332.0 $345.1 -$13.0 0 103.9
Humanitari million million million
an
Response
Plan

Table 7 aggregates sector gaps across the six countries. The largest positive gaps are in Food Security, Health, WASH,
and Protection. These sectors also appear in the generated explanations through the top-sector field. In the Yemen
country-total case, the safety condition produces: "Yemen reported 62.9% funded: $2.42 billion received against $3.85
billion requested, with an unmet gap of $1.43 billion. The legend should show green as funding received, grey as unmet
requirement, and labels for United States as the largest donor in the snapshot. The largest unmet sector in the country
total is Health. Funding coverage is not the same as needs met for people and communities receiving support.' This
output is longer than a pure numeric caption, but it is more transparent because it states the denominator, the gap, the
donor label, the legend semantics, and the caveat.

Table 7. Aggregated sector funding gap summary.

sector requirements usd | funding usd gap usd coverage pct
Food Security $3.37 billion $2.42 billion $950.8 million 71.8
Health $2.18 billion $1.25 billion $920.5 million 57.7
WASH $1.63 billion $969.3 million $662.4 million 59.4
Protection $1.52 billion $865.3 million $657.6 million 56.8
Education $979.0 million $554.7 million $424.2 million 56.7
Shelter/NFI $1.20 billion $801.3 million $395.2 million 67.0

Table 8 and Figure 7 report audit errors. The Template condition had zero fact errors but 65 missing caveats and 42
funding explanations below the transparency threshold. The Generic LLM Prompt had 23 trend fact errors, 42 funding
fact errors, 65 missing caveats, and 42 funding explanations below the transparency threshold. The two grounded
conditions had zero fact errors and zero missing caveats. This pattern matters for NGO publication. A system that only
checks numerical accuracy would approve the Template condition, but the audit shows that it lacks humane and
accountable communication features. A system that only checks fluency would approve some generic outputs, but the
audit shows that every generic funding explanation failed the fact check. A publication workflow therefore needs both
fact checking and communication-quality checking.

Table 8. Error taxonomy across both dashboard tasks.

model trend fact errors | funding fact erro | missing caveats funding_transpare
s ncy_below_80
Template 0 0 65 42

Artificial Intelligence and Machine Learning Review [ISSN: 3070-3565]
41



model trend_fact _errors | funding fact erro | missing_caveats funding_transpare
rs ncy_below_80

Generic LLM | 23 42 65 42

Prompt

Grounded LLM | 0 0 0 0

Prompt

Grounded + Safety | 0 0 0 0

Prompt

Audit error counts across both dashboard tasks

B trend fact errors

mmm funding fact errors

BN missing caveats

mm funding transparency below 80

60 -

50 A

e pro®

Figure 7. Audit error counts across both dashboard tasks.

The ablation results in Table 9 quantify the value of the safety layer. Against the Template condition, the safety condition
does not increase factual accuracy because the template already copies exact numbers. It increases empathy by 58.17
points on refugee trends and 62.0 points on funding explanations, and it increases specificity or transparency by 20.0
and 42.86 points respectively. Against the Generic LLM Prompt, the safety condition increases factual accuracy by 39.13
points on refugee trends and 63.69 points on funding explanations. These gains directly answer the research question:
grounding and safety constraints change measured outputs, not only stylistic preferences. The strongest workflow is not
simply a more elaborate prompt; it is a structured evidence contract with evaluation before publication.

Table 9. Ablation gains of the Grounded + Safety condition.

Ablation Factual accuracy gain Empathy gain Sp.eciﬁcity/transparency
gain

Trend: safety vs template | 0.0 58.17 20.0

Trend: safety vs generic 39.13 60.0 56.52

Funding: safety  vs | 0.0 62.0 42.86

template

Funding: safety vs generic | 63.69 62.0 57.14
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Table 10 provides representative generated outputs. The refugee example states that the world had 89.3 million people
recorded in the forcibly displaced category in 2021, that the series increased from 45.2 million in 2012, and that the
largest one-year movement was +8.7 million in 2019. The funding examples state coverage, funding, requirements, gap,
donor label, legend semantics, and caveat. These examples show that concise dashboard storytelling does not require
sacrificing factual detail. They also show that data humanization is not separate from transparency. The phrase 'people,
families, communities, and protection' reminds readers that the chart concerns human situations, while the exact numbers
and caveats preserve accountability. In public NGO communication, both elements are necessary.

The main discussion finding is that a generic LLM-style summary is the weakest condition for both tasks. It produces
fluent language, but fluency hides numerical drift. For refugee trends, rounding a small endpoint such as 0.18 million to
zero fails the endpoint check. For funding explanations, rounding coverage to the nearest ten percent and gaps to the
nearest $100 million fails the exactness required for financial transparency. A humanitarian dashboard can tolerate visual
simplification, but it cannot tolerate an annotation that changes what the underlying data say. The grounded conditions
eliminate these errors by forcing the text to use computed fields. This result supports a design principle for NGO
dashboards: generate narrative only after computing a structured claim object, and audit the text against that object before
publication.

The second discussion finding is that factual grounding alone is not enough. The Grounded LLM Prompt achieved exact
facts, but the Grounded + Safety Prompt produced stronger empathy and funding transparency because it included
people-first language, caveat language, and visual legend instructions. The Template condition also achieved exact facts,
yet it did not meet the public communication goal. A chart annotation that only says a number increased can be
technically correct and still be incomplete for a public audience. The safety layer turns exact facts into responsible
explanations. It helps the reader understand what the chart means, what it does not mean, and how to read the visual
encoding.

The third finding is that the same audit framework works for displacement trends and funding flows. The objects differ:
one is a time series in people recorded, the other is a financial statement in dollars. The audit principles remain the same.
The system identifies required facts, generates text from those facts, checks whether the text preserves those facts, and
scores whether the wording includes necessary caveats. This cross-task result is useful for NGOs because dashboard
teams often manage several data products at once. A shared evidence-locked workflow reduces the chance that each
dashboard invents its own informal publication standard.

The figures also show why the interface needs both annotation and legend design. Figure 2 is a multi-line trend chart, so
a reader can see a broad increase but cannot immediately know the largest one-year movement or the exact endpoint
without an annotation. Figure 4 is a funding coverage chart, so a reader can see relative plan coverage but cannot infer
requirements, funding received, or gap without a data label. The safety condition adds those missing pieces in language
that can sit beside the visualization. The legend instruction in the funding task is especially important because color
alone does not create transparency. The generated legend specifies which mark represents funding received, which mark
represents unmet requirement, and which label identifies the largest donor in the snapshot. This makes the funding
explanation auditable rather than decorative.

The measured error patterns support a conservative deployment policy. An NGO can use the Template condition when
the only goal is a short numeric caption, but that output does not satisfy the empathy and transparency requirements of
public humanitarian communication. The Generic LLM Prompt condition should not be published without a fact-
checking layer because every funding case failed the factual audit. The Grounded LLM Prompt is publishable for factual
summaries, but it lacks the full legend and people-first framing provided by the safety condition. The Grounded + Safety
Prompt therefore becomes the recommended default for public dashboards. It is not recommended because it sounds
better; it is recommended because it produced zero fact errors, zero missing caveats, and complete transparency on the
evaluated cases.

The results also demonstrate that concise public language can remain numerically exact. The strongest refugee annotation
is one sentence plus a caveat, and the strongest funding explanation is three sentences that state coverage, funding,
requirements, gap, donor label, legend semantics, and caution. This is a practical finding for NGO teams with limited
dashboard space. The system does not need long prose to be transparent. It needs a stable ordering of facts and a rule
that every number must come from the displayed data. When the available space is smaller, the same claim object can
be shortened while preserving endpoint value, year, direction, and caveat for refugee trends, or coverage, gap, and caveat
for funding views.
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Table 10. Representative public-facing outputs generated by the Grounded + Safety condition.

Case Generated public-facing text

Refugee trend World had 89.3 million people recorded in forcibly
displaced people in 2021; the series increased from
45.2 million in 2012 (+97.6%). The largest one-year
movement in the series was +8.7 million in 2019. This
wording keeps the focus on people, families,
communities, and protection, and flags that registry
totals do not describe every person's situation.

Country funding Yemen reported 62.9% funded: $2.42 billion received
against $3.85 billion requested, with an unmet gap of
$1.43 billion. The legend should show green as funding
received, grey as unmet requirement, and labels for
United States as the largest donor in the snapshot. The
largest unmet sector in the country total is Health.
Funding coverage is not the same as needs met for
people and communities receiving support.

Sector funding Zimbabwe's Food Security sector reported 20.6%
funded: $32.3 million received against $157.1 million
requested, with an unmet gap of $124.8 million. The
legend should show green as funding received, grey as
unmet requirement, and labels for United States as the
largest donor in the snapshot. Funding coverage is not
the same as needs met for people and communities
receiving support.

Limitations

The evaluation uses frozen snapshots rather than live API calls. This is a deliberate reproducibility decision. Live
humanitarian data change as new registrations, reporting corrections, donor updates, and plan revisions are published. A
frozen dataset ensures that the manuscript, figures, and code reproduce the same outputs. The limitation is that the results
evaluate the narrative workflow on the included 2012—2021 and 2021 snapshots, not on every current UNHCR or OCHA
record. A production dashboard should rerun the same evaluation whenever data are refreshed.

The empathy metric is a reproducible screen, not a complete measure of ethical communication. It rewards people-first
terms and penalizes stigmatizing terms, but it does not replace review by humanitarian communication staff or affected-
community representatives. The metric is still useful because it catches systematic omissions and makes the safety layer
measurable. Future work should add multilingual evaluation, community review, and error categories for culturally
specific framing.

The experiment uses deterministic generation conditions instead of a proprietary LLM API. This choice guarantees that
every output can be reproduced from the included code. It also means the measured results are about the workflow design
rather than about one commercial model version. A deployment using a live LLM should keep the same claim-object
structure and audit layer, because model fluency alone does not guarantee factual consistency. The generic condition in
this paper demonstrates the risk of unguided generation, while the grounded conditions demonstrate the value of evidence
locking.

The donor-sector funding table is an analysis snapshot used for consistency testing across donor, country, and sector
fields. It does not claim to replace the full OCHA FTS transaction database. The plan totals and gap calculations are the
authoritative values within this paper's empirical evaluation, and the donor-sector table functions as a reproducible
dashboard fixture for testing transparency language. This limitation does not affect the reported comparison between
generation conditions because every condition was evaluated on the same input cases.
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Conclusion

This paper conducted a full empirical evaluation of Al-assisted humanitarian dashboard narratives on frozen UNHCR-
derived refugee trend snapshots and OCHA FTS funding snapshots. The results show that a grounded+safety workflow
produces accurate, readable, empathetic, and transparent public-facing text. It achieved 100.0% factual accuracy on both
refugee trend annotations and funding explanations, 100.0% refugee specificity, 100.0% funding transparency, and
100.0% caveat coverage. The generic unguided condition failed both tasks because rounded and underspecified claims
broke consistency with the datasets.

The central design implication is direct: humanitarian dashboards should not ask a language model to interpret a chart
from raw context alone. The dashboard should compute a structured claim object, pass only authorized facts to the
generator, require caveats and people-first language, and audit the generated text before publication. This workflow
supports NGO public communication because it combines data humanization with accountability. It also supports trust
design because the visual legend, donor label, funding gap, and uncertainty caveat are all part of the explanation rather
than hidden in metadata. The replication package supplies the datasets, code, generated outputs, tables, figures, and
DOCX manuscript so the findings can be checked and rerun.
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