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Abstract

We introduce AfriEconQA, a specialized benchmark dataset for
African economic analysis grounded in a comprehensive corpus of
236 World Bank reports. The task of AfriEconQA is to answer com-
plex economic queries that require high-precision numerical rea-
soning and temporal disambiguation from specialized institutional
documents. The dataset consists of 8,937 curated QA instances,
rigorously filtered from a pool of 10,018 synthetic questions to
ensure high-quality evidence-answer alignment. Each instance is
composed of: (1) a question requiring reasoning over economic
indicators, (2) the corresponding evidence retrieved from the cor-
pus, (3) a verified ground-truth answer, and (4) source metadata
(e.g., URL and publication date) to ensure temporal provenance.
AfriEconQA is the first benchmark focused specifically on African
economic analysis, providing a unique challenge for Information
Retrieval (IR) systems as the data is largely absent from the pre-
training corpora of current Large Language Models (LLMs). We
operationalize this dataset through an 11-experiment matrix, bench-
marking a zero-shot baseline (GPT-5 Mini) against RAG configura-
tions using GPT-40 and Qwen 32B across five distinct embedding
and ranking strategies. Our results demonstrate a severe "paramet-
ric knowledge gap,’ where zero-shot models fail to answer over
90% of queries, and even state-of-the-art RAG pipelines struggle to
achieve high precision. This confirms AfriEconQA as a robust and
challenging benchmark for the next generation of domain-specific
IR and RAG systems.

The AfriEconQA dataset and code will be made publicly available
upon publication.

CCS Concepts

« Information systems — Question answering; Retrieval mod-
els and ranking; « Computing methodologies — Natural lan-
guage processing; « Applied computing — Economics.
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1 Introduction

Large Language Models (LLMs) have achieved impressive perfor-
mance on general-knowledge benchmarks [17], yet their capabil-
ities often falter in specialized domains where accuracy and pre-
cision are paramount. Economic analysis - a field critical to in-
stitutional decision-making and sustainable development [29] ex-
emplifies this challenge. In the domain, practitioners must reason
over technical reports dense with statistics, temporal nuances, and
domain-specific terminology. Despite the importance of this do-
main, evaluation datasets that reflect these real-world complexities
remain scarce, particularly for emerging markets in Africa.

The core difficulty lies in the nature of closed-domain settings
[6]. Institutional reports from organizations like the World Bank
contain intricate tables, carefully worded policy explanations, and
time-sensitive data that distinguish historical facts from future
projections. Models must answer questions by reasoning over these
specialized, institutionally curated documents rather than relying
on parametric knowledge acquired during pretraining. Evaluating
retrieval-augmented generation (RAG) systems on such long-form,
technical reports rich in statistics and temporal nuances requires
specialized benchmarks.

To address this gap, we introduce AfriEconQA, a specialized
benchmark dataset constructed from a comprehensive corpus of
236 World Bank reports focused on African economies. The primary
goal of AfriEconQA is to provide a real-world, hard-to-memorize
testbed that allows researchers to evaluate RAG performance on
lengthy, technical, and statistics-heavy documents. These reports
are unlikely to appear in the pretraining corpora of current LLMs
and contain diverse, multi-modal content, including narrative policy
explanations, complex tables, numerical indicators, and enumerated
lists.

AfriEconQA consists of 8,937 curated QA instances, meticu-
lously filtered from an initial pool of over 10,000 synthetic questions
to ensure high-fidelity evidence-answer alignment. By providing
precise metadata—including publication dates and source universal
resource locators (URL), the dataset challenges information retrieval
(IR) systems to perform “temporal disambiguation,” distinguishing
between historical actuals and future projections. We demonstrate
that state-of-the-art RAG systems struggle with these temporal and
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CURRENT QUESTION

What is the projected percentage of Malawi’s population
that will have access to on-grid electricity by 2030?

PROPOSED ANSWER
30 percent

FACTUAL EVIDENCE

Malawi is working rapidly to close large gaps in
electricity access, with plans to achieve 50 percent
access by 2030 through a combination of on-grid and
off-grid options. The Government has set a goal of
increasing access to on-grid electricity to 30 percent by
2030, and to reach another 20 percent of the population
with off-grid solutions.

Figure 1: Example of a factoid question-answer pair from the
dataset with supporting evidence.

statistical reasoning challenges, highlighting the need for improved
retrieval and reasoning capabilities in domain-specific contexts.

In this study, we operationalize AfriEconQA to characterize the
current state of domain-specific retrieval and reasoning. We frame
our evaluation around three primary research questions:

e RQ1: To what extent do state-of-the-art models rely on para-
metric memory versus external retrieval for niche economic
data?

e RQ2: How do different retrieval paradigms (Sparse, Dense,
and Hybrid) handle the “terminological variance” and nu-
merical density of institutional economic reports?

e RQ3: Can open-weight models achieve parity with propri-
etary APIs in high-precision extractive tasks within this
specialized domain?

2 Related Work

Question answering has evolved from systems designed for broad,
open-domain queries to specialized architectures that reason over
domain-specific document collections. While Large Language Mod-
els (LLMs) have achieved strong performance on general-knowledge
benchmarks [8], their effectiveness diminishes in specialized do-
mains requiring high-precision retrieval and reasoning over techni-
cal documents. This has driven growing interest in domain-focused
QA systems that combine retrieval mechanisms with language
models to ground answers in authoritative sources.

2.1 Open-Domain Question Answering

Open-domain question answering systems aim to answer queries
across diverse topics using large-scale corpora. Popular benchmarks
include the Stanford Question Answering Dataset (SQuAD) [20],
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QAMPARI [2], XQA [15], and more recent datasets [16, 25, 26, 30],
all developed to evaluate general-purpose QA models [9].

These systems typically rely on a retriever model [9] to extract
relevant passages from large document collections. The retrieved
passages are then fed into a QA model to generate answers, allowing
models to handle a wide variety of topics without explicit training
on every possible question.

However, a major challenge for open-domain QA is the need
for frequent knowledge updates [31]. Since information changes
rapidly, models relying solely on pretrained knowledge may provide
outdated or incorrect answers [24].

2.2 Closed-Domain Question Answering

In contrast to open-domain systems, closed-domain question an-
swering focuses on retrieving and reasoning over specific document
collections. These systems operate on limited, well-defined vocabu-
laries and contexts, making the task fundamentally different [3].

Closed-domain QA has found particular application in institu-
tional settings [7, 13, 22] and specialized domains where general-
purpose models fail to provide adequate precision. The combination
of Large Language Models (LLMs) with retrieval-augmented gener-
ation (RAG) has accelerated development in this area [23], enabling
organizations to build domain-focused systems that answer ques-
tions unlikely to be addressed by LLMs alone.

These systems have become especially prominent in organi-
zational chatbots [7, 22], where users require accurate, context-
grounded responses from internal knowledge bases. Closed-domain
QA thus bridges the gap between general-purpose LLMs and domain-
specific knowledge, enabling more reliable information retrieval.

2.3 Economic and Financial Question
Answering

Closed-domain QA has been extensively studied in institutional
[13], biomedical [1, 12], and legal [21] contexts. The financial and
economic domains, however, present unique challenges requiring
joint reasoning over structured tables and unstructured narratives,
as well as high-precision extraction of domain-specific terminology
(11, 19].

Most existing financial QA systems focus on corporate analysis
using company filings, stock market data, and regulatory docu-
ments [10]. Economic development reports—such as those pub-
lished by the World Bank [28]—offer a more complex environment,
weaving together policy narratives, longitudinal data, and multi-
year macroeconomic projections. Despite their importance, datasets
in this sector remain limited, and existing financial benchmarks
largely center on general market terminology or Western corporate
data.

AfriEconQA addresses this gap by focusing on macroeconomic
policy and sovereign economic analysis for African nations. To
the best of our knowledge, this is the first open-source benchmark
specifically dedicated to African economies, grounded in the dense
statistical and policy narratives characteristic of World Bank insti-
tutional reporting.
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3 Dataset

3.1 Source Documents

The AfriEconQA dataset is curated from 236 distinct World Bank
economic reports focusing on the African continent [28], using the
search term “African economic analysis”. These documents cover
a wide range of topics, including macroeconomic updates, digital
transformation strategies, and climate resilience reports. The corpus
was explicitly selected to challenge retrieval systems with:

(1) Temporal Ambiguity: Multiple reports (e.g., “Rwanda Eco-
nomic Update”) are published at intervals of months or years.
If a given answer appears in more than one report, we select
the most recent version to ensure temporal consistency.

(2) High Specificity: The texts contain precise floating-point
figures (e.g., “10.8 percent”) and specialized acronyms.

3.2 Preprocessing Pipeline

To prepare the unstructured text for retrieval, we implemented a
robust preprocessing pipeline:

e Metadata Extraction: We utilized the Google Custom Search
API to recover the URL for each document, ensuring ground
truth provenance.

e Chunking Strategy: Documents were segmented using
a Recursive Character Splitter with a chunk size of 1,000
characters and an overlap of 200 characters. This yielded a
total of 64892 chunks, balancing context preservation with
granular retrieval.

3.3 Question Curation and Taxonomy

We generated an initial pool of 10,018 unique Question-Answer (QA)
pairs using a synthetic pipeline grounded in an economic-expert
persona. The pipeline was designed to ensure that the queries reflect
the analytical depth required for institutional economic monitoring.
To provide a comprehensive evaluation of information retrieval and
reasoning, we enforced a diverse taxonomy across the following
five categories:

e Factoid (3,237 samples): High-precision tasks requiring the
extraction of specific macroeconomic indicators or policy
instruments (e.g., “What was Tunisia’s merchandise trade
deficit as a percentage of GDP in 2023?”).

e List (1,705 samples): Synthesis tasks requiring the identi-
fication of multiple discrete factors, such as economic risk
drivers.

e Comparison (1,525 samples): Reasoning across temporal
or regional dimensions, requiring the system to quantify
differences between historical outturns and projections.

e Multiple Choice (1,265 samples): Discrimination tasks
where the system must identify correct statements among
plausible distractors drawn from the same document context.

e Synthesis (1,205 samples): Complex queries focused on
economic transmission mechanisms and causal chains ex-
plicitly described in the policy narratives.

A key feature of our curation process was temporal anchoring.
We implemented logic to convert relative temporal terms found in
the text (e.g., “this year” or “currently”) into absolute calendar or
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fiscal years based on the document’s publication metadata. This en-
sures that the questions are self-contained and evaluate a system’s
ability to perform temporal disambiguation.

3.4 Quality Control and Filtering

To ensure the reliability of the benchmark, each generated record
underwent a secondary verification and filtering process. We uti-
lized a specialized auditing layer to enforce strict factual and struc-
tural constraints:

e Numerical Verification: We enforced a mandatory verba-
tim constraint. Every percentage, fiscal year, and monetary
value in the answer was required to appear character-for-
character within the provided evidence snippet. Any records
containing rounded figures or hallucinated metrics were
discarded.

o Entity-Based Decontextualization: To ensure queries were
standalone and solvable in a retrieval-augmented environ-
ment, we performed entity-anchoring. Generic references
(e.g., “the government” or “the ministry”) were replaced with
specific names (e.g., “the Nigerian Ministry of Finance”) de-
rived from the document metadata.

e Removal of Meta-Language: To ensure a realistic query
profile, we stripped all meta-commentary and instructional
artifacts, such as “According to the report” or “In the pro-
vided text” This forces the system to rely on semantic under-
standing rather than linguistic patterns common in synthetic
data.

o Substance Filtering: The pipeline filtered for economic rel-
evance, discarding non-economic content such as technical
software instructions or internal file-naming conventions.

This multi-stage verification process resulted in a 10.8% attrition
rate, filtering the initial pool down to a final curated set of 8,937
high-quality samples. This ensures that the final dataset is factually
grounded in verbatim institutional evidence and professionally
phrased for economic analysis.

3.5 Dataset Statistics

Table 1 summarizes the scale and structural properties of the AfriEconQA

benchmark. The corpus is characterized by high information den-
sity, designed to evaluate retrieval precision across a large-scale
collection of technical reports.

The corpus was segmented using a recursive character text split-
ter, resulting in 64,892 chunks. The inclusion of a 200-character
overlap ensures that semantic context is preserved across chunk
boundaries, preventing the loss of critical economic data points
that may span multiple segments. With approximately 38 curated
questions per document, the benchmark provides a high-density
environment that requires both effective retrieval and robust rea-
soning to resolve.

4 Method

4.1 Indexing and Preprocessing

To enable efficient retrieval, we implement a dual-index architecture
over the 64,892 document chunks:
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Table 1: Summary statistics of the AfriEconQA benchmark.

Statistic Value
Total Source Documents (World Bank Reports) 236
Total Retrieval Units (Chunks) 64,892
Chunk Size 1,000 chars
Chunk Overlap 200 chars
Total Curated QA Pairs 8,937
Reasoning Taxonomy Breakdown:

- Factoid 3,237
— List 1,705
- Comparison 1,525
— Multiple Choice 1,265
- Synthesis 1,205

(1) Sparse Index: We tokenize the corpus and build an inverted
index using BM25, which excels at exact lexical matching of
entities and numerical figures.

(2) Dense Index: We encode all 64,892 chunks into vector
embeddings. We experiment with two embedding models:
Google GenAI Embeddings (API-based) and BAAI/BGE-m3
(Open-Weight).

Each chunk is indexed with its source metadata (publication date
and URL), which is returned alongside retrieval results to enable
temporal disambiguation during answer generation.

4.2 Hybrid Retrieval via Reciprocal Rank
Fusion

While Dense Retrieval captures semantic meaning, it often struggles
with the precise numbers common in economic queries. To mitigate
this, we implement a Hybrid Retrieval strategy using Reciprocal
Rank Fusion (RRF).

For a given query g, we retrieve the top-k documents from both
the Sparse (Dsparse) and Dense (Dgense) indices. The final RRF score
for a document d is calculated as:

RRE(d) = Z

reR

1

n + rank,(d) )

where R = {Dsparse; Ddense } and 7 is a constant. This method nor-
malizes the disparate scoring scales of BM25 and Vector Similarity,
effectively promoting documents that appear in both result sets.

5 Experimental Setup

To characterize the utility of the AfriEconQA benchmark, we eval-
uate a matrix of state-of-the-art Large Language Models (LLMs)
across diverse retrieval architectures.

5.1 System Configurations
We define 11 experimental configurations based on the interplay

between three generators and four retrieval strategies:

o Generators: We utilize GPT-4o0 as the proprietary industry
standard and Qwen 2.5 32B as a high-performance open-
weight baseline. To establish a "Parametric Knowledge" floor,
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we include GPT-5 Mini in a zero-shot, no-retrieval configu-

ration.
o Retrievers: We evaluate four retrieval paradigms at a fixed
depth of k = 3:

— Sparse (BM25): Lexical matching using Okapi BM25 [27].

— Dense-Local (BGE): High-performance local embeddings
(bge-base-en-v1.5) [4].

- Dense-Cloud (Google): State of the Art (SOTA) cloud-
based embeddings (text-embedding-004).

- Hybrid (RRF): Reciprocal Rank Fusion [5] combining
Sparse and Dense indices to evaluate the benefits of fused
ranking.

5.2 Evaluation Metrics

As AfriEconQA is an Information Retrieval resource, we report a
dual suite of metrics:

(1) Ranking Quality: Precision@k, Recall@k, and Mean Re-
ciprocal Rank (MRR) to evaluate the retriever’s ability to
surface the correct 1,000-character chunk from the 64,892-
chunk corpus.

(2) Answer Quality: Exact Match (EM), F1-score, BLEU [18],
and ROUGE-L [14] for deterministic similarity. Additionally,
we employ LLM-as-a-Judge [32] (using GPT-40-mini) to
provide a semantic evaluation (0.0-1.0) of factual consistency
between the prediction and the gold-standard answer.

6 Results and Analysis

We evaluate all 11 experimental configurations on a stratified ran-
dom sample of 300 questions from the full AfriEconQA benchmark.
Table 2 summarizes the overall performance across retrieval and
generation metrics. Our analysis focuses on three critical dimen-
sions: the failure of parametric memory, the precision-coverage
tradeoff in retrieval, and the extractive discipline of open-weight
models.

6.1 The Parametric Knowledge Vacuum

The performance of GPT-5 Mini (Zero-Shot) establishes a critical
baseline for AfriEconQA. With an LLM-Judge score of 0.081 and an
EM of 0.053, it is evident that World Bank economic indicators for
African nations are virtually absent from the pre-training corpora
of current LLMs. As shown in Table 4, the zero-shot model com-
pletely fails on Comparison (0.00%) and Factoid (1.69%) queries. This
"parametric vacuum" underscores that African economic analysis
cannot rely on model weights alone; retrieval-augmentation is a
fundamental requirement for accuracy in this domain.

6.2 Retrieval Analysis: The Precision-Coverage
Tradeoff

A significant IR finding is the performance tradeoff between Dense
and Hybrid retrieval. Pure Google Dense retrieval achieved the
highest MRR (0.763), but when fused with BM25, the MRR dropped
to 0.722. However, Hybrid Google + GPT-40 achieved the high-
est LLM-Judge score (0.512), suggesting that the slight ranking
degradation is offset by improved answer quality.
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Table 2: Benchmark Results for Retriever + LLM Combinations (k = 3) on stratified sample (n = 300). Retriever: Sparse (BM25),
Dense (BGE/Google), Hybrid (RRF). Metrics: EM (Exact Match), F1, BLEU, ROUGE1/2/L, LLM-Judge (Semantic Accuracy), P@3,

R@3, MRR, MAP. GPT-5 Mini represents the zero-shot baseline.

| Retriever ~ | Model | k| EM | F1 |BLEU| R1 | R2 | RL | LLM-J | P@3 | R@3 | MRR | MAP |
BGE GPT-40 3] 0177 | 0.395 | 0.153 | 0.412 | 0.301 | 0.386 | 0.471 | 0.266 | 0797 | 0.711 | 0.711
BGE Qwen 32B 3 1 0.220 | 0.377 | 0.146 | 0.394 | 0.294 | 0.377 | 0.451 | 0.266 | 0.797 | 0.711 | 0.711
Google GPT-40 3| 0213 | 0.427 | 0.173 | 0.445 | 0.330 | 0.416 | 0.498 | 0.280 | 0.840 | 0.763 | 0.763
Google Qwen 32B 3 ] 0.243 | 0.404 | 0.158 | 0.421 | 0.318 | 0.398 | 0.487 | 0.280 | 0.840 | 0.763 | 0.763
Hybrid BGE | GPT-40 3| 0.187 | 0.404 | 0.165 | 0.423 | 0310 | 0.398 | 0.471 | 0.247 | 0.740 | 0.677 | 0.677
Hybrid BGE Qwen 32B 3 ] 0.240 | 0.395 | 0.168 | 0.414 | 0.314 | 0.397 | 0.470 | 0.247 | 0.740 | 0.677 | 0.677
Hybrid Google | GPT-40 3| 0223 | 0438 | 0.184 | 0.452 | 0.349 | 0.428 | 0.512 | 0.261 | 0.783 | 0722 | 0.722
Hybrid Google | Qwen 32B 3 10.270 | 0.436 | 0.187 | 0.451 | 0.351 | 0.432 | 0.508 | 0.261 | 0.783 | 0.722 | 0.722
None GPT-5 Mini | 3 | 0.053 | 0.061 | 0.045 | 0.064 | 0.051 | 0.061 | 0.081 | 0.000 | 0.000 | 0.000 | 0.000
BM25 GPT-40 3 | 0.137 | 0.238 | 0.112 | 0.245 | 0.196 | 0.231 | 0.288 | 0.146 | 0.437 | 0.373 | 0.373
BM25 Qwen32B | 3| 0.163 | 0.238 | 0.119 | 0.245 | 0.208 | 0.236 | 0.281 | 0.146 | 0.437 | 0.373 | 0.373

We attribute the MRR reduction to lexical collisions within eco-
nomic reports. Institutional documents frequently reuse technical
keywords (e.g., "GDP," "growth," "fiscal year") across disparate sec-
tions. Sparse retrieval (BM25) struggles to disambiguate these terms,
introducing "ranking noise" into the hybrid pipeline. However, the
diversity of retrieved contexts appears to benefit the generation
phase, where multiple perspectives aid in producing semantically
accurate answers.

6.3 Generation: Extractive Discipline vs.
Semantic Paraphrasing

The interaction between generators and retrievers reveals a com-
pelling trade-off between open-weight and proprietary models:

e Extractive Discipline: Qwen 32B consistently achieved
higher Exact Match (EM) scores than GPT-4o (e.g., 0.270 vs
0.223 on Hybrid Google). Qwen demonstrates a "literalist" ap-
proach, faithfully extracting numerical figures and verbatim
phrases from the evidence.

¢ Semantic Robustness: GPT-40 maintained the lead in the
LLM-Judge metric (0.512), which evaluates semantic accu-
racy. GPT-4o0 often paraphrases the evidence for better read-
ability, which penalizes its EM score but preserves the un-
derlying economic truth.

This suggests that for tasks requiring high-fidelity numerical extrac-
tion—where "close enough" is a failure—highly capable open-weight
models like Qwen 32B may be the superior architectural choice.

6.4 Difficulty by Reasoning Taxonomy

Table 3 highlights the "reasoning ceiling" of the current bench-
mark. Multiple Choice is the best-performing category (58.98%)
as the model can rely on recognition. However, List (20.88%) and
Comparison (23.30%) queries remain significantly underserved.
These tasks require the retriever to surface multiple, often non-
contiguous, chunks of data and the generator to synthesize them
across different time horizons. The low accuracy in these categories
suggests that single-pass retrieval architectures struggle with multi-
faceted economic queries, indicating potential benefits from agentic
or multi-hop retrieval strategies in future work.

Table 3: Average Accuracy by Question Type Across All Mod-
els (Stratified Sample, n = 300)

Question Type Count Avg Accuracy (%)
List 54 20.88
Comparison 48 23.30
Synthesis 39 42.19
Factoid 118 46.92
Multiple Choice 41 58.98

7 Limitations

While AfriEconQA provides a specialized testbed for African eco-
nomic analysis, it has several limitations:

¢ Source Homogeneity: The dataset is grounded exclusively
in a corpus of 236 World Bank reports. While these are high-
authority documents, they represent a specific institutional
perspective that may not capture the full diversity of African
economic discourse found in local news or alternative policy
papers.

e Verbatim Numerical Constraint: The automated quality
control enforces a mandatory verbatim constraint for all
percentages, fiscal years, and monetary values. While this
ensures high fidelity, it may limit the evaluation of systems
on abstractive reasoning tasks where the answer is not a
direct string match from the evidence.

e Temporal Staticity: The benchmark reflects economic data
and projections at a specific point in time. As macroeconomic
conditions in emerging markets shift, the "ground truth”
for projections will eventually require updates to maintain
relevance for real-time IR systems.

¢ Evaluation Scope: Due to computational constraints, we
evaluate all system configurations on a stratified sample of
300 questions rather than the full 8,937-question benchmark.
While this subset is carefully stratified to maintain the distri-
bution of question types, future work should validate these
findings on the complete dataset at scale.
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Table 4: Per-Model Accuracy by Question Type (%). Models evaluated on stratified sample of 300 questions with LLM-Judge
threshold > 0.7. Bold indicates highest accuracy per question type.

Retriever Generator Comparison Factoid List Multiple Choice Synthesis

Hybrid Google ~GPT-40 22.92 61.02 25.93 73.17 53.85

Hybrid Google Qwen 32B 29.17 57.63 25.93 73.17 51.28

Google GPT-40 18.75 57.63 22.22 75.61 46.15

Google Qwen 32B 25.00 54.24 29.63 68.29 51.28

Hybrid BGE GPT-40 29.17 58.47 24.07 56.10 43.59

Hybrid BGE Qwen 32B 31.25 55.93 25.93 60.98 48.72

BGE GPT-40 33.33 53.39 25.93 53.66 53.85

BGE Qwen 32B 29.17 50.85 24.07 56.10 46.15

BM25 GPT-40 16.67 33.05 11.11 48.78 30.77

BM25 Qwen 32B 20.83 32.20 11.11 48.78 25.64

None GPT-5 Mini 0.00 1.69 3.70 34.15 12.82
8 Ethical Considerations 10 Conclusion
The development and release of AfriEconQA adhere to the follow- We introduce AfriEconQA, a specialized benchmark dataset for
ing ethical principles: African economic analysis comprising 8,937 curated QA pairs grounded

in 236 World Bank reports. Our evaluation on a stratified sample of
300 questions reveals three key findings: (1) current language mod-
els possess virtually no parametric knowledge of African economic
indicators, demonstrating the necessity of retrieval-augmented ar-
chitectures for this domain; (2) while dense retrieval achieves supe-
rior ranking precision, hybrid retrieval with reciprocal rank fusion
produces higher-quality answers by diversifying retrieved contexts;
and (3) open-weight models like Qwen 32B excel at extractive
precision for numerical data, offering a viable alternative to pro-
prietary APIs for institutional applications requiring strict fidelity.
We release AfriEconQA as an open resource to advance research
in domain-specific, temporally-sensitive information retrieval for
underrepresented regions.

e Data Provenance and Attribution: All source documents
are publicly available institutional reports. We provide full
metadata, including canonical URLs and official publication
dates, to ensure transparency and respect for source prove-
nance.

o Addressing Representation Gaps: By demonstrating that
current language models possess minimal parametric knowl-
edge of African economic data (GPT-5 Mini: 8.1% LLM-Judge
accuracy), this benchmark highlights the critical need for
retrieval-augmented systems in specialized domains and
discourages reliance on potentially hallucinated parametric
knowledge for sensitive economic contexts.

e Open Resource Access: To support equitable development,
the dataset is released as a public resource to advance re-
search in high-precision information retrieval for regions
often underrepresented in large-scale pre-training corpora.

9 Data Generation and Prompts

The dataset was constructed using a synthetic pipeline grounded in
an economic-expert persona. Due to space constraints, the full
set of prompt configurations is available in our public repository.
Our prompting strategy enforced several key constraints:

e Temporal Anchoring: Prompts included logic to convert
relative terms (e.g., “this year”) into absolute calendar or
fiscal years based on document metadata.

¢ Entity-Based Decontextualization: Instructions required
replacing generic references like “the government” with spe-
cific names (e.g., “the Nigerian Ministry of Finance”) to en-
sure queries are standalone and solvable via RAG.

e Taxonomy Enforcement: Unique prompt templates were
utilized to generate five distinct reasoning categories: Fac-
toid, List, Comparison, Multiple Choice, and Synthesis.
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