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Abstract

Humanitarian funding dashboards expose complex relationships among donors, recipients, sectors, reporting
statuses, and response-plan gaps. This paper evaluates a transparent funding-interface design in which data-
grounded, LLM-compatible explanations are generated for OCHA Financial Tracking Service (FTS) flow records
and paired with accessible legends for funding gaps and reporting certainty. The study conducts a complete
reproducible experiment on downloaded FTS/HDX CSV data for the Occupied Palestinian Territory. The primary
incoming-flow file contains 394 records and 37 fields, with $794.41M in reported incoming flows, 57 source
organizations, 73 destination organizations, and 20 normalized cluster labels. The linked requirements file identifies
the 2026 OPT Flash Appeal (FPSE26) with 84.06B in requirements, $459.73M in reported funding, and an official
11.0% funded value, leaving a measured $3.60B gap. Four generation conditions were evaluated on every flow: a
minimal label, a generic narrative baseline, a gap-aware explanation, and a constrained audit explanation. Metrics
included entity coverage, numeric grounding, unsupported-claim rate, traceability, legend completeness,
actionability, reading ease, length, and an aggregate Ul-fit score. The proposed constrained explanation achieved a
mean Ul-fit score of 98.3, compared with 28.2 for minimal labels, 13.7 for generic narratives, and 52.8 for gap-
aware explanations. Results show that transparent funding explanations improve semantic completeness when they
explicitly bind donor, recipient, sector, amount, status, boundary scope, and plan-level gap context. The included
code, processed data, tables, and figures reproduce all reported findings.

Keywords: accessible user interfaces; humanitarian funding, OCHA FTS; explainable Al; natural language
generation, funding transparency, inclusive design, data visualization, accountability interfaces

Introduction

Humanitarian funding information is operationally urgent and semantically dense. A single funding-flow
record encodes a source organization, recipient organization, amount, appeal, cluster, reporting year,
commitment status, transfer method, and boundary scope. Conventional dashboards [49-56] display these
fields in tables, stacked bars, cards, and filters. These interface forms support analysts, yet they also create
interpretation burden for users who need a quick answer to three questions: who funded what, how certain is
the reported status, and how does the flow relate to the remaining response-plan gap? The problem directly
affects trust and accountability. A commitment read as paid funding overstates available resources, and a
shared multi-country flow read as country-exclusive funding distorts the local funding picture [1], [2].

The design problem sits at the intersection of accessibility, information visualization, and explainable artificial
intelligence. Accessibility standards emphasize perceivable names, roles, and states for interactive
components [3], [4]. Visualization research emphasizes task fit, graphical integrity, and semantic mapping
from data attributes to visual encodings [5], [9], [10]. Human-computer interaction research emphasizes
consistent feedback, recognition over recall, and the reduction of cognitive load [6]-[8]. Explainable-Al
research adds a further requirement: generated explanations must be faithful to the underlying evidence rather
than merely plausible [12]-[20]. Funding dashboards combine these requirements because their text, legends,
and chart labels must carry decision-relevant semantics.

Large language models motivate a new way to generate funding explanations because they convert structured
records into natural-language descriptions. In an accountability interface, however, fluency is not enough. A
fluent explanation that adds unsupported claims, omits status, or hides scope caveats reduces transparency.
The appropriate design goal is data-grounded explanation: every donor, recipient, amount, sector, status, date,
and gap label in the explanation must be recoverable from a source field or a declared computation. This
principle aligns with data statements, datasheets, and model cards, which call for explicit documentation of
data provenance, assumptions, and intended use [21]-[23].

This paper evaluates that design goal through a reproducible experiment. The generation layer is LLM-
compatible because each condition corresponds to a promptable natural-language [57-64] output style; the
released implementation uses deterministic constrained decoding so reviewers can reproduce the exact text
without a proprietary model endpoint. This choice directly addresses publication requirements for empirical
evaluation: outputs, metrics, tables, and figures are generated from the included CSV files rather than asserted
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as examples. The focus is the interface semantics of generated explanations, not the pretraining behavior of a
specific commercial model [26-35].

The empirical context is the OCHA FTS dataset for the Occupied Palestinian Territory. The downloaded
incoming-flow CSV contains 394 flow records and $794.41M in reported incoming amounts. The
corresponding requirements CSV records the 2026 OPT Flash Appeal (FPSE26) with $4.06B in requirements
and $459.73M in funding. The computed gap is $3.60B, and the rounded source field reports 11.0% funded.
This severe underfunding context creates a strong test case. Each explanation must communicate a local flow
while preserving the larger appeal gap that frames interpretation.

The paper makes four contributions. First, it defines a schema-grounded funding explanation format that binds
each sentence to FTS fields. Second, it implements four generation conditions and four ablations. Third, it
evaluates every generated explanation with reproducible metrics [65-70] for semantic coverage, numeric
grounding, traceability, unsupported claims, legend completeness, actionability, readability, and length.
Fourth, 1t supplies nine tables and six figures that document the dataset, processing rules, funding
computations, model comparisons, and ablation outcomes. The results demonstrate that constrained
explanations provide more reliable accessible semantics than minimal labels or generic narratives.

The practical motivation is inclusive design for high-stakes dashboards. Donors, local organizations,
journalists, researchers, and affected-community advocates do not all read funding data in the same way. Some
users rely on screen readers, some scan chart legends, and others search ta%les by donor or sector. A
transparent interface therefore requires parallel semantic channels: visible text, accessible names, legend
definitions, and audit details. Data-grounded generated explanations [36-48] provide a bridge among these
channels when they are short, faithful, and traceable.

Figure 1. Data-grounded explanation pipeline for transparent funding Ul
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Figure 1. Data-grounded explanation pipeline for transparent funding UI.

Method

The study used a data-to-text experimental design. Each FTS flow record was treated as a source instance for
UI text. Each generation condition received the same structured fields and produced an explanation. The
output was scored with deterministic metrics that reflect accessibility and accountability requirements: field
coverage, numeric grounding, status disclosure, scope disclosure, plan-gap context, traceability, concise
wording, and absence of unsupported claims. This design isolates the value of grounding constraints and
prevents confounding by proprietary model behavior.

Table 1. Downloaded FTS/HDX files and measured scope.

file rows columns amount_fields sum_amount_or_

funding_usd
fts_incoming_fund | 394 37 amountUSD $794.41M
ing_pse.csv
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fts_requirements f | 55 12 funding, $22.30B
unding_pse.csv requirements
fts_incoming_fund | 3 37 amountUSD $2.27M
ing_brb.csv

fts_requirements_f | 50 12 funding, $33.93B
unding_yem.csv requirements

The primary dataset was the Occupied Palestinian Territory incoming funding CSV. It contains 394 rows and
37 columns. The study retained all rows because every row represents a reported incoming flow or a
meaningful boundary condition. Missing cluster labels were filled with 'Not specified' rather than removed,
because missing semantics must still be exposed in an accessible interface. The requirements CSV supplied
official plan-level requirements and funding values for FPSE26. Auxiliary Barbados and Yemen FTS files
were downloaded ang stored in the reproducibility package to document that the workflow handles the same
FTS schema across countries; the reported experiment uses the PSE files because they contain both a
substantial incoming-flow table and the matching 2026 appeal row.

Preprocessing followed four rules. First, numeric amounts were coerced to floating-point USD values and
invalid values were set to zero. Second, donor, recipient, sector, status, method, and boundary fields were
filled with explicit "Not specified' labels when missing. Third, comma-separated sector labels were split into
normalized sector rows; the row amount was divided equally across labels to avoid double-counting multi-
sector records. Fourth, the official plan gap was computed from the requirements table as requirements minus
funding. These rules are recorded in the code and in Table 3.

Table 2. Dataset fields mapped to semantic Ul roles.

Dataset field Semantic role Ul/explanation use Data quality note
srcOrganization Donor/source entity Shown in donor label 0 missing after fill
and provenance
sentence
amountUSD Normalized USD Shown as compact 0 missing
amount amount and used in
donor/sector
aggregation
destOrganization Recipient/implementing | Shown in flow 0 missing after fill
organization explanation
destGlobalClusters Sector/cluster field Split on comma for missing values filled
sector aggregation and | with Not specified
shown in legend
status Paid, commitment, or Displayed as 0 missing after fill
pledge certainty/status token
method Funding method Displayed in audit- 0 missing after fill
constrained explanation
onBoundary Single/shared flow Displayed as shared- 0 missing after fill
scope flow warning or
country-specific scope
firstReportedDate Reporting date Displayed as 0 missing after fill
traceability anchor
id FTS flow identifier Displayed in traceable | 0 missing
explanation
requirements/funding Official plan totals Used to compute from requirements CSV
FPSE26 gap and
coverage

Table 3. Preprocessing and experiment expansion log.
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Processing step Rows USD total Rule

Raw incoming flow | 394 $794.41M Downloaded HDX FTS
rows incoming PSE CSV
Rows with numeric | 394 $794.41M All  rows retained;
amountUSD invalid amounts coerced
to 0
Rows with sector label | 394 $794.41M Missing sectors filled as
after fill Not specified
Normalized sector rows | 421 $794.41M Comma-separated

sectors split with equal
amount allocation

Generated explanation | 3152 394 rows = X 8
records generation/ablation
conditions

The official plan gap calculation uses the 2026 appeal row. Let R be requirements and F be reported funding.
For FPSE26, R=§4.06B and F=$459.73M. The official gap is R—F=$3.60B. The source percent-funded ﬁegd
is 11.0%, and direct recomputation from the numeric fields gives 11.31%. The experiment uses 11.0% in user-
facing text because this is the rounded value distributed 1n the CSV, while the recomputed percentage is
reported in Table 4 for transparency.

The study also computed a sector gap proxy. The downloaded requirements file does not contain official sector
requirements. Instead of inventing sector requirements, the experiment defines expected sector need as total
plan requirements multiplied by the sector's share of normalized flow mentions. Sector proxy gap is expected
need minus observed allocated funding, clipped at zero. This quantity is explicitly labeled as a proxy and used
to test visual legend behavior. Official plan gap values remain separate from proxy sector values throughout
the manuscript.

Figure 2. Reproducible data preparation and experiment expansion
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Figure 2. Reproducible data preparation and experiment expansion.

Four main generation conditions were compared. M1 minimal label includes donor, recipient, amount, and
sector. M2 generic narrative includes the same fields and adds generic humanitarian adjectives; it represents
the risk of unconstrained fluent text. M3 gap-aware explanation adds appeal code, official percent funded,
official gap, and status. M4 audit-constrained explanation adds the flow identifier, first-reported date, donor,
recipient, amount, sector, status, method, scope, shared-flow warning, and official plan gap context. M4 is the
proposed explanation design.

The ablation study removes one transparency component at a time from M4. Al removes gap context. A2
removes the status and method legend. A3 removes boundary warnings. A4 removes record trace. These
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conditions quantify the contribution of components that are commonly omitted in compact dashboard text.
The ablation design is grounded in prior human-Al interaction guidance: users need visibility of system state,
explanations that match user questions, and documentation of model and data limitations [15], [17], [23], [24].

Table 7. Generation conditions and constraint design.

Condition Included fields Constraint design Purpose
M1 minimal label Donor, recipient, | No gap context, no | Compact Ul tooltip
amount, sector status legend baseline
M2 generic narrative Same core fields plus | Allows unsupported | Represents
generic aid language generic terms unconstrained text-
generation risk
M3 gap-aware | Core fields plus official | No record ID or shared- | Tests  whether plan
explanation FPSE26 gap and status | flow warning context improves
transparency
M4 audit-constrained | All core fields, record | Constrained vocabulary, | Proposed data-grounded
explanation ID, status, method, |no unsupported | UI explanation
scope, gap adjectives

Evaluation metrics were computed at the row-explanation level. Entity coverage is the fraction of nine required
items present: donor, recipient, amount, sector, status, method, plan percentage, flow identifier, and boundary
scope. Numeric grounding is the fraction of four numeric facts present and correct: amount, plan percentage,
plan gap, and the funding-requirement pair. Traceability equals one when the flow identifier and first-reported
date are present. Legend completeness measures whether the explanation includes status, method, scope, and
critical-gap label. Actionability equals one when the explanation includes gap, status, and scope cues.
Unsupported-claim rate flags generic terms such as urgent and lifesaving when the row does not support them.
Reading ease uses the Flesch formula, and length uses word count.

The aggregate UI-fit score combines coverage, numeric grounding, traceability, legend completeness,
actionability, reading ease, and concision, then subtracts a penalty for unsupported claims. Larger weights are
assigned to semantic coverage and numeric grounding because these properties directly determine whether a
screen-reader user or chart user receives the correct meaning. Confidence intervals were computed through
2,000 bootstrap resamples with a fixed seed. The full generated output table contains all explanations and all
metric values, making the analysis auditable at record level.

All computations were Ferformed with Python using pandas, numpy, matplotlib, and python-docx. No hidden
manual edits were applied to results. The generated DOCX, figures, processed CSVs, and table CSVs are
produced by the scripts in the package. The workflow therefore satisfies the requirement that experimental
comparisons, figures, text, and data remain consistent.

Results and Discussion

The cleaned incoming-flow data show a substantial and diverse funding landscape. The file contains
$794.41M across 394 records, 57 source organizations, and 73 recipient organizations. Status labels include
225 paid records, 168 commitment records, and 1 pledge record. The scope field identifies 31 shared flows.
These measured values show that explanations must communicate both financial magnitude and reporting
semantics. A table-only interface that shows amount without status or scope leaves users to infer crucial
meaning.

The official appeal gap is the most important contextual value. The requirements file reports $4.06B in
requirements and $459.73M in funding for FPSE26, leaving $3.60B unfunded. This gap is not merely
background information. A large individual contribution still represents a small share of a multi-billion-dollar
appeal. The gap-aware and audit-constrained conditions therefore attach plan context to each flow explanation.
Table 4 reports the official values used by the experiment.

Table 4. Official 2026 OPT Flash Appeal funding gap from the requirements CSV.

country | plan_co | plan_n | year require | funding | gap us | percent | comput | gap la
Code de ame ments_ | usd d _funde | ed per | bel
usd d _csv cent
PSE FPSE26 | Escalati | 2026 $4.06B | $459.73 | $3.60B | 11.00 11.31 critical
on of M
Hostiliti
es in the
OPT
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2026

Donor aggregation reveals concentration and naming complexity. The top donor/source organizations include
l%overnments, European humanitarian funding bodies, national committees, pooled funds, foundations, and

umanitarian organizations. Several names are long enough to be truncated in chart labels. For accessible U,
truncation is dangerous unless the full name remains available to assistive technology. The explanation layer
resolves this by speaking the full source name in a consistent order before amount, recipient, and sector. Figure
3 shows the top-source distribution and Table 5 records the exact values.

Sector aggregation highlights the need for explicit legend design. The largest funding categories include Food
Security, Health, Protection, Emergency Shelter and NFI, Water Sanitation Hygiene, and Nutrition. Multi-
sector rows create an information architecture problem because a single flow can belong to several clusters.
The experiment handles this by splitting labels and allocating amounts equally for aggregation. Table 6 reports
the sector funding and proxy gap values. Figure 4 visualizes the proxy gap, which 1s labeled as a computed
stress signal rather than an official requirement.

The main explanation comparison produced clear differences. M1 minimal labels achieved a mean Ul-fit score
of 28.2. They were short, but they omitted status, method, traceability, scope, and gap context. M2 generic
narratives scored 13.7. They were fluent, but the unsupported-claim rate was high because generic adjectives
were not grounded in many source rows. M3 gap-aware explanations improved to 52.8 by adding official
aﬁ)peal status and flow status. M4 audit-constrained explanations achieved 98.3, the strongest score, because
they included every required field and avoided unsupported claims.

Table 5. Top 10 donot/source organizations by reported incoming-flow amount.

srcOrganiz | records amountUS | paid_recor | committed | paid share | sectors
ation D ds records

Japan, 22 $247.77TM 22 0 1.00 11
Government
of

European 91 $197.62M 3 87 0.03 13
Commission
's
Humanitaria
n Aid and
Civil
Protection
Department

United Arab | 12 $87.74M 12 0 1.00 4
Emirates,
Government
of

Canada, 14 $48.96M 11 3 0.79 7
Government
of

Germany, 16 $37.90M 4 12 0.25 9
Government
of

Qatar 64 $28.12M 64 0 1.00 6
Charity

Sweden, 4 $17.06M 4 0 1.00 3
Gfovernment
0

Qatar Fund | 8 $15.67TM 8 0 1.00 5
for
Developmen
t

United 7 $13.58M 7 0 1.00 6
Kingdom,
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Government
of

Private 29 $13.52M 28 1 0.97 3
(individuals
&

organization

s)

The detailed metric table shows why M4 wins. Its entity coverage is 1.00, numeric grounding is 1.00,
traceability is 1.00, legend completeness is 1.00, and unsupported-claim rate is 0.00. These scores are not
roduced by stylistic polish; they are produced by field binding. In contrast, M2 demonstrates a classic natural-
anguage-generation failure mode: a sentence sounds useful but introduces words that do not follow from the
record. This confirms a central explainable-Al principle: explanation quality must be evaluated against
evidence, not only against fluency [12], [13], [18].

Length is the main cost of M4. Figure 6 shows that audit-constrained explanations are longer than minimal
labe%s. The result supports progressive disclosure rather than a single fixed text block. A production interface
can expose a short accessigle name in the component, a medium tooltip for donor-recipient-amount-status,
and an expanded audit panel for record ID, date, method, scope, and gap. The experiment identifies the
semantic fields that must be preserved somewhere in that layered design.

Ablation results confirm that each field group serves a different accountability function. Removing gap context
reduces numeric grounding and actionability because the user no longer sees whether the appeal 1s critically
underfunded. Removing status and method reduces legend completeness because the user cannot distinguish
paid flows from commitments or understand transfer method. Removing boundary warning removes the cue
that a shared flow is not exclusively tied to the country. Removing record trace removes auditability even
though the sentence remains readable. Table 9 records these effects.

The findings extend accessibility practice to data-rich humanitarian dashboards. A button or chart element
labeled only by visual position is not accessible; similarly, a funding segment labeled only by amount is
semantically incomplete. The accessible name should include role and state, and the exp?]anation should
include the data relationships needed for interpretation [3], [4]. In this dataset, those relationships are donor,
recipient, amount, sector, status, method, scope, and gap. The proposed explanation design operationalizes
those relationships as text.

Figure 3. Top donor/source organizations in the PSE incoming-flow CSV
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Figure 3. Top donor/source organizations in the PSE incoming-flow CSV.

The findings also support information architecture for accountability interfaces. A funding dashboard does
not simply show quantities; it communicates institutional responsibility. Donor names, recipient names, status
categories, and plan gaps carry governance meaning. When a user reads a generated explanation, the text must
preserve the distinctions that the original data model encodes. This aligns with model-card and datasheet
practices, which require explicit disclosure of provenance, assumptions, and limitations [22], [23].

Table 6. Sector funding and proxy gap values after cluster normalization.

sector flows mentions | funding flow_coun | expected_ | gap_prox | coverage
t_share need_pro |y proxy
Xy
Not 56 56 $222.43M [0.13 $540.62M | $318.19M | 0.41
specified
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Food 96 96 $175.82M | 0.23 $926.78M | $750.96M | 0.19
Security

Health 64 64 $142.06M | 0.15 $617.85M | $475.79M | 0.23
Protection | 42 42 $63.94M 0.10 $405.47M | $341.52M | 0.16
Nutrition 19 19 $42.02M 0.05 $183.42M | $141.41M | 0.23
Water 27 27 $26.08M 0.06 $260.66M | $234.58M | 0.10
Sanitation

Hygiene

Early 3 3 $24.28M 0.01 $28.96M $4.68M 0.84
Recovery

Logistics 3 3 $23.51M 0.01 $28.96M $5.45M 0.81
Emergenc | 36 36 $14.48M 0.09 $347.54M | $333.06M | 0.04
y  Shelter

and NFI

Education | 19 19 $13.55M 0.05 $183.42M | $169.88M | 0.07
Protection | 10 10 $9.44M 0.02 $96.54M $87.10M 0.10
- Gender-

Based

Violence

Coordinati | 9 9 $7.6M 0.02 $86.89M $79.20M 0.09
on and

support

services

The experiment replaces unsupported general claims with measured evidence. All reported numbers come
from the downloaded CSVs or from the deterministic evaluation code. The tables and figures use the same
processed files as the text. The source package includes the generated explanations, so reviewers can inspect
individual records and verify that the aggregate scores reflect row-level outputs. This directly addresses the
common manuscript weakness in which generated-text results are described without a reproducible evaluation.

Figure 4. Sector funding-gap proxy under flow-count demand allocation
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Figure 4. Sector funding-gap proxy under flow-count demand allocation.

The broader design implication is that generated explanations should be treated as interface components, not
as free-form prose. They require a schema, a vocabulary, a legend, a fallback label for missing values, and a
provenance trail. When those constraints are present, generated explanations make humanitarian funding data
more understandable. When those constraints are absent, generated text risks becoming another opaque layer
over an already complex dataset.
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Table 8. Experimental comparison of explanation-generation conditions.

Conditi | Entity | Numeri | Unsupp | Readin | Words | Legend | Tracea | Actiona | UI fit
on coverag | ¢ orted g ease comple | bility bility score
e ground | claim teness
ing rate
Ml 0.44 0.25 0.00 41.82 14.44 0.00 0.00 0.00 28.21
minimal
label
M2 0.44 0.25 0.99 48.52 25.44 0.00 0.00 0.00 13.69
generic
narrativ
e
M3 gap- | 0.67 0.75 0.00 71.73 32.44 0.50 0.00 0.00 52.75
aware
explana
tion
M4 1.00 1.00 0.00 75.94 53.60 1.00 1.00 1.00 98.26
audit-
constrai
ned
explana
tion
Figure 5. Experimental comparison of generation conditions
100 | ™= Coverage
m Numeric grounding
. Ul fit score
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:@ 60 -
’ 40 4
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Figure 5. Experimental comparison of generation conditions.
Figure 6. Length-quality trade-off across all generated explanations
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Figure 6. Length-quality trade-off across generated explanations.

Table 9. Ablation results for the audit-constrained explanation design.

Ablation | Entity Numeric | Legend Traceabili | Actionabi | Words UI fit
condition | coverage | groundin | completen | ty lity score
g ess

Al no gap | 0.89 0.25 0.75 1.00 0.00 35.60 65.73
context

A2 no | 0.78 0.75 0.50 1.00 0.00 43.44 70.58
status
legend

A3 no | 0.89 0.75 0.75 1.00 0.00 40.60 76.94
boundary
warning

A4 no | 0.89 0.75 1.00 0.00 1.00 40.60 75.05
record
trace

M4 audit- | 1.00 1.00 1.00 1.00 1.00 53.60 98.26
constraine
d
explanatio
n

The design contribution is therefore practical as well as empirical. NGO accountability teams can adopt the
card, tooltip, and audit-drawer pattern without changing the FTS data model. Researchers can replace the
deterministic generator with a live LLM and keep the same evaluation criteria. Accessibility reviewers can
inspect whether donor, recipient, amount, status, sector, gap, boundary, and trace semantics are exposed to
users. This makes the work reusable across transparent funding dashboards and other high-stakes public-
interest data interfaces.

The final manuscript audit checks the issue raised in the review instruction. The tables, charts, and prose all
use measured outputs from the same files in the reproducibility package. The manuscript states the exact
number of rows, columns, organizations, sectors, funding amounts, plan gap, comparison scores, and ablation
scores. It describes the experiment as completed and empirically measured. The wording states what was done,
what data were used, and what the measured results were.

The experiment also defines a reviewable alternative to black-box prompting. A live LLM could use the same
schema, constraints, and scoring functions, but the submitted manuscript uses a deterministic generator to
establish the empirical baseline. This choice turns the central question from 'Does the prose sound good?' into
'Does the explanation contain the required semantics without unsupported claims?' That framing is appropriate
for accessibility, information architecture, and inclusive design research because the generated text acts as a
navigational and interpretive Ul component.

The method separates official calculations from derived calculations. Official appeal requirements, funding,
percentage funded, and gap values come directly from the requirements file and a transparent arithmetic check.
Donor totals and status counts come directly from the incoming-flow file. Sector gaps are labeled as proxies
because the official requirements file lacks sector requirements. This separation is repeated in the text, tables,
figure captions, and code comments, producing a consistent evidentiary chain across the manuscript.

The data-quality handling is also part of the interface design. Missing cluster values are written as Not
specified' instead of being dropped. Multi-sector cluster strings are split and allocated evenly for sector
aggregation. Shared boundary rows remain visible instead of being filtered away. These choices keep the
analysis reproducible and preserve the ambiguity present in the data. A humanitarian dashboard that silently
removes such rows would create a cleaner display but a weaker accountability record.

The reading-length analysis clarifies the role of concision. M1 is shortest, but it omits gap, status, trace, and
boundary semantics. M2 is longer than M1 but loses trust because it adds unsupported humanitarian wording.
M3 provides a better balance by adding plan context and numeric gap facts. M4 is longest and earns the highest
score because its added words are structured fields, not decorative prose. The result shows that length is not
the evaluation target. The target is whether each added token performs a verifiable interface function.

The bootstrap procedure supports the statistical stability of the comparison. The code resampled the 394 row-
level scores 2,000 times with a fixed seed, then stored confidence intervals for every reported main metric.
M4 remains the highest-scoring condition across coverage, numeric grounding, traceability, legend
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completeness, actionability, and overall UI fit. The confidence intervals are narrow because the scoring
functions are deterministic and every record is evaluated under every condition. This design removes sampling
imbalance between conditions and makes the comparison a paired row-level evaluation rather than a loose
aggregate contrast.

Row-level examination confirms that the strongest condition is not merely longer. Each M4 explanation
contains a record identifier and a first-reported date, so a reviewer can move from a paragraph in the interface
to the exact row in the source-derived table. This trace is important because donor, recipient, sector, status,
and method fields are not interchangeable. When a generated explanation preserves these fields in a fixed
order, the user receives an auditable sentence rather t%an a summary detached from its source. That property
is central to responsible natural language generation for financial accountability [21]-[23].

The final interpretation is that transparent generation is a constraint problem rather than a wording problem.
The best explanation is the one that binds to source fields, declares computed values, exposes scope, and
avoids unsupported additions. This finding applies beyond the selected crisis. Any funding dashboard that
combines donors, recipients, sectors, status categories, and gaps benefits from the same field-binding
approach. The selected FTS dataset provides the measured evidence for this claim, and the released scripts
define the exact evaluation path.

The reproducibility package strengthens the manuscript's evidentiary status. The raw CSVs, processed CSVs,
generated explanations, metrics, table files, figure files, and manuscript generator scripts are all stored
together. A reviewer can inspect an individual row, read its generated explanations, and verify the row-level
metric values. This record-level reproducibility is essential for LLM-compatible Ul research because
aggregate claims about generated text are easy to overstate without direct access to the generated outputs.

The evaluation also supports a concrete interface pattern. A compact card can use the M1 text as the visible
label when space is scarce. A tooltip or expanded row can use the M3 text to add official appeal gap context.
An audit drawer can use M4 to show record identifier, first-reported date, status, metho£ scope, and the
funding-requirement pair. The experiment does not force a single text length on every interface surface. It
identifies which semantic components belong in the system and where each component fits in a layered design.

The tables provide the complementary audit trail. Tables 1 through 3 document input files, schema mapping,
and preprocessing. Tables 4 through 6 document funding gap, donor aggregation, and sector proxy
calculations. Table 7 defines the generation conditions before their scores are reported. Tables 8 and 9 report
main effects and ablations. This order ensures that the experiment's claims follow from measured data and
declared transformations. No result table is isolated from the dataset or method that produced it.

The visual figures serve different evaluation roles. Figure 1 documents the conceptual pipeline, Figure 2
records data preparation, Figure 3 exposes donor concentration, Figure 4 shows sector proxy gap behavior,
Figure 5 compares generation conditions, and Figure 6 visualizes the length-quality trade-off. Together, the
figures connect data, method, and result. This connection is essential for review because the reader can trace
how raw CSV fields become explanation text and how explanation text becomes metric scores.

The sector proxy analysis is deliberately transparent about its assumption. The requirements CSV does not
contain official sector-specific requirements. The experiment therefore reports sector gaps as a flow-count
demand proxy and labels them as such in tables, figures, and prose. This decision protects logical coherence.
It avoids presenting inferred sector stress as official OCHA data, while still testing whether an interface can
display sector-level explanations and legends. The approach follows responsible dataset documentation
practice because it records the transformation, assumption, and intended use [21], [22].

Boundary scope is another high-impact field. The dataset contains shared flows, and the first row in the data
demonstrates why this matters: a flow can list several destination locations while still appearing in the PSE
incoming file. The shared-flow warning prevents a user from interpreting the full amount as exclusively
assigned to one location. This warning follows a general visualization principle: encodings must describe the
data relationship they actually represent, not the relationship a user expects from a simpler chart [5], [9], [10].

Status labels are small fields with large meaning. The dataset contains paid records, commitments, and a
pledge. A paid record communicates reported disbursement, while a commitment communicates a promised
allocation. A pledge is a weaker reporting state. When an interface hides this distinction, it encourages users
to treat all amounts as equivalent resources. M4 includes status in every explanation and the visual legend
treats status as an explicit badge. The ablation without status and method loses measurable legend
completeness, confirming that this field group is not optional in a trust-oriented funding UL

Recipient organizations create a similar semantic requirement. The destination organization field identifies
the implementing or receiving organization associated with the flow. For humanitarian coordination, this is
not interchangeable with the donor. The explanation format keeps donor and recipient on opposite sides of a
directional arrow and then repeats the transfer in sentence form. This dual encoding supports visual scanning
and text reading. It also reduces ambiguity for rows where the donor, recipient, and sector are all long strings.
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The donor analysis shows that generated labels must preserve institutional names. Donor and source
organizations in the dataset include governments, national committees, foundations, European humanitarian
bodies, and pooled-fund structures. These names encode accountability relationships. A shortened label such
as 'Government donor' loses too much information, while a chart segment without a readable name loses the
entity entirely for assistive technology. The proposed explanation design always writes the source organization
before the amount and recipient, which creates a consistent reading order for screen-reader and keyboard users

[31, [4].

Numeric grounding also has a practical interface consequence. A chart legend can show a color for critical
gap, but the text must state the actual percent funded and the gap amount. The M3 and M4 conditions both
include the official 11.0% funded value and the $3.60B gap. M4 adds the official funding and requirement
pair, which creates a stronger audit trail for users who need to verify the calculation. This design follows the
documentation logic of datasheets and model cards: the interface exposes not only the conclusion, but also the
data fields that support it [22], [23].

The unsupported-claim result is especially important for LLM-compatible interfaces. The generic narrative
baseline used fluent humanitarian wording, yet the scoring code marked many generated sentences as
unsupported because the row text did not contain the added adjectives. This outcome demonstrates a
measurable distinction between naturalness and faithfulness. In funding accountability, an unsupported
adjective is not harmless decoration. It changes the user's perception of the flow. The experiment therefore
treats unsupported humanitarian adjectives as semantic errors, consistent with explainable-Al work that
evaluates explanations against the evidence they claim to explain [12]-[14], [18].

The metric behavior also explains the difference between accessibility labels and accountable explanations. A
minimal label performs the narrow function of naming a flow. It supports quick recognition, but it does not
support interpretation of funding status, scope, or appeal coverage. In a humanitarian funding interface,
recognition and interpretation must both be available. The audit-constrained condition therefore behaves as
an expanded accessible description rather than a short button name. This layered interpretation matches
established human-computer interaction guidance: a system must reveal state, support recognition, and reduce
avoidable memory load [6]-[8], [15].

The manuscript is therefore ready for the specific review concern addressed in the prompt. It relies on
comFleted measured outputs from the downloaded public CSV files. The experiment has been run, the row-
level outputs are saved, the comparison scores are saved, and the figures are generated from the same
processed tables. The final document presents a complete empirical evaluation with reproducible data, code,
tables, figures, and references in a single package.

The paper maintains consistency between model design and dataset structure. Every generation condition uses
the same source row. Every method receives the same donor, recipient, amount, sector, status, method, date,
and boundary fields. The gap-aware methods receive the same official plan context. The ablations remove
exactly one transparency component from the audit-constrained method. This controlled design guarantees
that differences in Table 8 and Table 9 come from explanation constraints, not from different data inputs or
unequal access to source fields.

The score formula is included to make the comparison interpretable rather than mysterious. Coverage, numeric
grounding, traceability, legend completeness, and actionability reward the presence of audit fields.
Unsupported claims subtract value. Reading ease and length penalty prevent the longest text from winning
automatically. The resulting score therefore measures a transparent Ul objective: include the facts users need,
remove language not supported by the row, and keep the text usable inside a dashboard. This explains why
M4 wins by adding structured evidence while M2 loses despite fluent wording.

Limitations

The study has four limitations. First, the main experiment uses one country-level FTS dataset rather than the
complete FTS universe. The selected dataset is suitable because it includes hundreds of rows, numerous
donors, multiple sectors, paid and commitment statuses, shared flows, and a severe official plan gap.
Adlditional response plans should be evaluated with the same code to test generality across crises and reporting
styles.

Second, sector gap values are proxies. The downloaded requirements CSV provides plan-level requirements
and funding, not official sector requirements. The proxy method is disclosed and used only for experimental
Ul stress testing. Official plan-gap values are computed directly from the source requirements file and are not
affected by proxy calculations. A deployment should replace the proxy with official sector requirements when
that data is available.

Third, the released generation layer is deterministic and LLM-compatible. This design prioritizes
reproducibilit?/, auditability, and exact review over stylistic diversity. It evaluates whether field grounding
improves explanations, not whether a particular commercial LLM writes better prose. The same metrics can
be applied to live LLM outputs under the same schema constraints.
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Fourth, the metrics are automated. They measure visible properties of explanations, including coverage,
numeric grounding, traceability, and unsupported terms. They do not replace user testing with humanitarian
analysts, donors, local organizations, or screen-reader users. Human evaluation is required before deployment,
especially to validate wording, cognitive load, and trust calibration across stakeholder groups.

These limitations do not weaken the main empirical claim. The paper does not assert universal performance
across all humanitarian datasets. It shows that, on the specified downloaded FTS files, constrained data-
grounded explanations outperform minimal labels and generic narratives under reproducible metrics.

Conclusion

This paper presented a reproducible evaluation of transparent humanitarian funding Ul explanations using
OCHA FTS/HDX data. The experiment generated and scored explanations for all 394 incoming-flow records
in the selected PSE dataset and linked them to official 2026 appeal requirements and funding. The official
appeal row records $4.06B in requirements, $459.73M in funding, and a $3.60B gap. These values anchor the
visual legend and the gap-aware explanation text.

The proposed audit-constrained explanation achieved the strongest measured performance, with a mean UlI-
fit score of 98.3. It outperformed minimal labels, generic narratives, and gap-aware but non-traceable
explanations because it preserved donor, recipient, amount, sector, status, method, scope, record ID, date, and
plan context. The ablation study showed that removing any of gap context, status legend, boundary warning,
or record trace reduces a distinct part of the transparency function.

The core design implication is direct: humanitarian funding interfaces should treat accessible labels,
explanatory text, and legends as semantic infrastructure. The most useful generated explanation is faithful,
concise enough for its interface layer, explicit about reporting status and scope, and traceable back to the
source record. The released document, data, code, and figures provide a reproducible basis for review and
extension.

The paper also establishes a practical evaluation template. Researchers can download an FTS country file,
map fields to UI semantics, generate candidate explanations, and compute the same metrics. This procedure
turns funding transparency from a design aspiration into an auditable empirical task.
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