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Abstract

International aid is a critical mechanism for
promoting economic growth and well-being in
developing nations, supporting progress toward the
Sustainable Development Goals (SDGs). However,
tracking aid contributions remains challenging due
to labor-intensive data management, incomplete
records, and the heterogeneous nature of aid data.
Recognizing the urgency of this challenge, we
partnered with government agencies to develop an
Al model that complements manual classification
and mitigates human bias in subjective interpre-
tation. By integrating SDG-specific semantics
and leveraging prior knowledge from language
models, our approach enhances -classification
accuracy and accommodates the diversity of aid
projects. When applied to a comprehensive dataset
spanning multiple years, our model can reveal
hidden trends in the temporal evolution of interna-
tional development cooperation. Expert interviews
further suggest how these insights can empower
policymakers with data-driven decision-making
tools, ultimately improving aid effectiveness and
supporting progress toward SDGs.

1 Introduction

International aid, commonly known as Official Development
Assistance (ODA), refers to financial support provided by
governments to help developing countries combat poverty
and promote economic growth. For decades, international
aid has played a crucial role in socioeconomic development,
particularly in advancing the United Nations Sustainable De-
velopment Goals (SDGs), by providing essential resources
to vulnerable populations [Alsayyad, 2020; Hynes and Scott,
2013]. Ensuring the effectiveness of aid and progress toward
the SDGs requires rigorous tracking of funding allocation and
impact assessment.

The Creditor Reporting System (CRS), established by the
Organization for Economic Cooperation and Development
(OECD) in 1967, is the most authoritative and comprehen-
sive database that records decades of data on international
aid projects. This database provides consistent and reliable
statistics on development finance and individual aid projects
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[UNAIDS, 2004; Morgenstern and Brown, 2022]. The CRS
is publicly accessible, ensuring transparency for policymak-
ers, researchers, and civil society organizations (CSOs). Each
year, OECD member countries are required to report project-
level information on their aid activities, which includes 93
data features such as project description, donor code, and re-
cipient code, purpose code (sector), and commitment value
(budget). CRS receives over 250,000 new project entries
annually, detailing activities in various recipient countries.
Since 2018, the system has asked donors to specify the rel-
evant SDG (SDG focus index) for each project to assess its
alignment with global goals [OECD, 2018; Kasneci, 2018].
However, this manual classification has lacked consistency
and systematic rigor, owing to its labor-intensive, costly, and
inherently subjective nature. Moreover, the absence of SDG-
related records prior to 2018, coupled with the fact that over
half of reported projects since then remain uncategorized,
presents significant challenges to assessing aid effectiveness.
These limitations hinder a comprehensive understanding of
how aid impacts the SDGs.

Major development agencies, including the United Nations
(UN) and OECD, are exploring methods to automate the clas-
sification of aid projects and link them to the SDGs [Erics-
son and Mealy, 2019; Pincet et al., 2019; Lee er al., 2023].
However, these efforts are complex due to the heterogeneous
nature of the aid projects contributed by various countries and
agencies. This diversity leads to significant syntactic and se-
mantic variations in the project descriptions in CRS. Subjec-
tive judgments and sociopolitical contexts further influence
how projects are categorized under specific aid goal, often
resulting in misalignment between project descriptions and
their assigned categories. These inconsistencies hinder clas-
sifiers from generalizing to unseen projects, particularly those
related to underrepresented SDGs. We validated these ratio-
nales through interviews with aid experts.

As part of a joint effort between government experts and
Al researchers to automate aid categorization, we identified
key demands and developed a multi-label text classifier to im-
prove the mapping of SDG impact. By integrating their se-
mantic definitions into the classifier’s encoder, our goal was
to support aid management and targeting while minimizing
the influence of human bias in subjective interpretation of aid
projects. Our classifier learns data semantics through self-
supervised learning and leverages insights from the large lan-
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guage model (LLM) to incorporate pre-trained knowledge.
The training objective is to improve generalization, particu-
larly for underrepresented SDGs, by classifying previously
unseen project description sentences during training.!

We validated the Al classification results with aid experts
and confirmed that our approach demonstrates exceptional
performance in identifying relevant SDG categories. It ef-
fectively captures the complexities of real-world projects by
filling in the past and missing data on a comprehensive scale.
This capability also allows the analysis of aid financing trends
from a longitudinal perspective, providing valuable informa-
tion to policymakers. We present our findings from expert
interviews on Al classification and its practical usefulness.
Building on this achievement, we emphasize the need for a
global effort to develop objective, transparent, and univer-
sally accepted standards for aid project classification through
collaboration between aid experts and Al researchers.

2 Related Work

2.1 Al in the SDG Monitoring

Tracking the progress of aid projects is essential for organi-
zations such as the UN and the OECD. However, organizing
development aid projects to align with the appropriate goals
presents several challenges. These include: 1) the complexity
of multi-label classification, which necessitates a comprehen-
sive understanding of each project across 93 features and rea-
soning to map them to multiple SDG goals based on the 169
official targets; 2) interdependence and trade-offs between 17
SDGs; and 3) the imbalanced distribution of goals and data
classes [Kasneci, 2018]. Previous research applied machine
learning to categorize purpose codes within development
aid projects [Ericsson and Mealy, 2019; Lee et al., 2023;
Pincet et al.,, 2019], leading to reduced expert labor and
improved precision [Lee et al., 2023]. However, previous
approaches have been limited to single-label classification
or have failed to account for the complexities of multi-label
classification and semantic information, such as country-
specific descriptions and SDG definitions, which are essential
for accurately representing development aid projects.

2.2 Multi-Label Classification

In multi-label text classification, several models have been
proposed to capture label dependencies, including classi-
fier chains [Read et al, 2009], graph neural networks
(GNNs) [Zhang and Chen, 2018], and label-specific attention
networks [Xiao et al., 2019]. Among them, classifier chains
are susceptible to error propagation, where a misclassifica-
tion in one label affects subsequent predictions. Alternatively,
transformer-based models that utilize contextualized seman-
tic understanding from pre-training on large corpora have
been applied to improve multi-label classification. For in-
stance, BERT has been used for document classification [De-
vlin et al., 2018; Lee et al., 2021]. These models enhance
classification robustness by leveraging the pre-trained knowl-
edge and handling complex textual data more effectively.

'Our code is made freely available to support broader use at
https://github.com/deu30303/ODA_SDG
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Figure 1: The proposed framework has three main components: (1)
the SDG Semantics Injection Module; (2) the Country Information
Guided Module; and (3) the LLM Decision Guided Module.

However, while BERT excels at capturing the bidirectional
context of text, it does not explicitly model label correlations.
To address this limitation, recent methods have integrated la-
bel co-occurrence into text encoders, improving their ability
to capture inter-label dependencies and enhancing multi-label
classification performance. GCLR employs contrastive learn-
ing to incorporate label graph structures into semantic repre-
sentations [Wang er al., 2022]. In this study, we leverage
LLM prior knowledge instead of label graph information to
provide a more generalizable understanding of label relation-
ships, thereby enhancing multi-label classification tasks.

3 Method

Problem Statement: We tackle a multi-label classification
problem to determine the most relevant goals from the list
of 17 SDGs for each aid project. This classification relies on
project descriptions, meta-information such as donor and re-
cipient countries, and the needs of different sectors and poli-
cies. Given a project description x in natural language, our
objective is to predict the corresponding multi-label y.

Overview. Figure 1 presents an overall framework, which
aims to enhance the final representation h¢'® derived from
x by integrating the semantic information of the SDGs into
task-specific classifiers, such as BERT. The framework com-
prises three core modules, detailed below:

¢ Semantics Injection Module (§3.1): Building on expert
manual labeling guided by SDG definitions, we integrate
the semantic representations h, of the goals into the to-
ken embedding set £ from the BERT encoder through con-
trastive learning. We sample essential tokens to determine
aid goals and use them to construct positive samples Z in
contrastive learning.

¢ Country Information Guided Module (§3.2): Given the
key information on development aid policy for donor and
recipient countries, we derive an attentive representation
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h,, that explicitly incorporates these policies to account for
political contexts shaped by donor-recipient relationships.

* LLM Decision Guided Module (§3.3): When the classi-
fier encounters sentences it has not seen during training,
its generalization ability, particularly for underrepresented
SDGs, may be limited. We learn an attentive representation
h, derived from the LLM decision. We predict the useful-
ness of the LLM decision o in the final representation (i.e.,

hels = h, + azhy).

3.1 Semantics Injection Module

During the initial phase of aid decisions, guidelines are typ-
ically established to define target objectives that align with
sectoral priorities and policy needs. Aid experts then refer
to these specific definitions and descriptions to determine the
relevant SDG focus. However, this is nontrivial as projects
are often framed in broad terms that emphasize overarching
goals, such as eradicating extreme poverty (SDG Goal 1).

As aresult, when a text classifier is trained solely with tra-
ditional supervised loss functions (e.g., binary cross-entropy),
it fails to incorporate the semantic meaning of the SDGs. Our
objective is to develop SDG-aware text representations using
contrastive learning to identify latent patterns related to each
SDG’s semantic definition, while also extracting discrimina-
tive features that distinguish between the goals [Park er al.,
2022; Gao et al., 2021]. We use goal-semantic representa-
tions to guide the construction of positive samples & for con-
trastive learning.

Goal 1: End poverty in all its forms everywhere
Target 1.a: Ensure significant mobilization of resources
from a variety of sources, ...

Goal 2: End hunger, achieve food security and improved
nutrition, and promote sustainable agriculture

Target 2.a: Increase investment, including through en-
hanced international cooperation, ...

Table 1: Example SDG definition and its corresponding target.

Positive Sample Construction. Given project description
z, let £ denote the token embedding set from BERT as fol-
lows:

E={ey,eq,...,e,} (Eq. 1)
where e; is the i-th token embedded in the BERT encoder.
We aim to construct the positive sample for £ by sampling
salient tokens conditioned on the semantic representations of
the goal definition. These semantic representations are de-
rived from the official definitions of each SDG and their cor-
responding targets (see Table 1 for an example). The rep-
resentation of the j-th goal, hy , can also be extracted using
BERT embedding. The scale-dot attention weight A is uti-
lized to measure the relevance between token embedding e;
and goal embedding g;:

Q, = Woe;, K; = Wgh, , A L
i = e, ;= o Aij =
Q J Kg; J Nz

(Eq. 2)
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where W and Wi are two weight matrices used for the at-
tention mechanism. For simplicity, subscripts of all indepen-
dent attention matrices are omitted.

We sample salient tokens conditioned on the multi-label
y by computing the probability distribution P with Gumbel-
Softmax for differentiable sampling [Jang et al., 2017] (Eq.
4). Here, each token can contribute to more than one goal, so
the importance score P; for the i-th token, with respect to the
multilabel y is computed by summing the probabilities of all
ground-truth labels present in y as follows:

Pij = Gumbel(Aﬂ, AiQ, g eney Ai17)j

Pi=) Py

Jj€y

(Eg. 3)
(Eq. 4)

Finally, we construct a positive sample Z by retaining only
the salient tokens with thresold 7 and replacing all other ir-
relevant tokens with 0:

~ x, ifP >71
Ti=19N 0 else

Semantics-Aware Contrastive Learning. The next objec-
tive is to train a text encoder that incorporates goal semantic
information into its representations, using contrastive learn-
ing with the given positive sample . Let h, denote the
average pooling of token representation of z fed by BERT
(i.e., hy = AvgPool(£)). Even after removing irrelevant
tokens, the positive sample constructed from goal repre-
sentations retains a semantic context similar to the original
sentence. A shallow MLP layer, S¢, is added on top of the
representation space to ensure that the sentences embedded
in similar sentences are brought closer together, while the
negative sample embedding h,~ from different sentences in
the batch & are pushed apart through contrastive learning:

exp(sim(Sg(h.), S¢(hz)))
Y anex exp(sim(Sg(hy), Sa(hgn)))
(Eq. 6)

(Eq. 5)

Lo =—log

where sim represents the cosine similarity.

3.2 Country Information Guided Module

Understanding the political contexts between donor and re-
cipient countries is essential, as they expose the underly-
ing power structures and biases that shape interdependence
among multi-labels. For example, donor’s aid allocation of-
ten reflects commercial or geopolitical objectives. Similarly,
each country’s SDG strategies are influenced by various in-
stitutional challenges and require a contextualized approach
[Park and Park, 2024]. Thus, relying solely on semantic in-
formation from project descriptions during training is insuf-
ficient. To account for the complex doner-recipient relation-
ships, we first extract insights derived from LLM on the coun-
tries and integrate this information using an attention mecha-
nism to guide the text classifier.

Extracting Insights on Countries. We design an instruc-
tion prompt to generate responses that explore the key aid
policies of each donor and the development strategies of the
recipient country, as in Table 2. We include the income level
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Based on government documents, summarize the Official
Development Assistance (ODA) Policy of [donor country]?

In the OECD CRS (Creditor Reporting System) database,
income groups categorize countries based on their gross na-
tional income (GNI) per capita. Here’s what each group
represents:

- LICs (Low-Income Countries): Countries with a GNI per
capita of $1,045 or less.

- LMICs (Lower Middle-Income Countries): Countries
with a GNI per capita between $1,046 and $4,095.

- UMICs (Upper Middle-Income Countries): Countries
with a GNI per capita between $4,096 and $12,695.

- LDCs (Least Developed Countries): This group includes
countries identified by the United Nations as facing severe
structural impediments to sustainable development.

Based on credible government papers, can you summarize
the Official Development Assistance (ODA) Policy of [in-
come classification], [recipient country]?

Table 2: Prompt example used in research. The “[country]” part
will be replaced by the country name, and “[income classification]”
will indicate the recipient country’s GNI per capita level.

of the recipient country in prompts because of a significant
connection between the two variables [Knack et al., 2011;
Easterly, 2014]. The income group, which best represents
aid demand and absorptive capacity of a recipient coun-
try, serves as a primary criterion for effective allocation
of aid [Collier and Dollar, 2002; Dalgaard et al., 2004;
Easterly and Pfutze, 2008]. For example, for lower-income
countries, the focus of aid tends to be on poverty allevia-
tion, basic needs, and infrastructure. Middle-income coun-
tries may prioritize advanced developmental outcomes such
as institutional development, technological innovation, and
economic governance for growth.

Country Information-Driven Attention. Given text input
z and its corresponding model responses regarding donor
and recipient countries, we extract the donor representation
h? and the recipient representation h’, from BERT encoder.
The country-specific representation h¢ is then constructed by
combining the donor and recipient representations through
element-wise multiplication (see Eq. 7). To incorporate this
country information into the text representation, we introduce
cross-attention between the token embedding set £ and the
country representation h¢ as follows:

h{ = Sc(h] © hy) (Eq. 7)
, QKT

i =Woes, K =Wxhe, A; = Eq. 8

Q Qe K NG (Eq. 8)

A = Softmax(A) (Eq. 9)

flx = Angool({/llel, A2€27 ...,flnen}) (Eq. 10)

where S¢ is the MLP layer and AvgPool is the average pool-
ing applied to the token representations.
We append an auxiliary classifier f. to the attentive rep-
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Now you will help me classify the sentence according to
the following 17 Sustainable Development Goals (SDGs):
Goal 1: End poverty in all its forms everywhere

< EXAMPLES >: [Project description]

Determine which of the above Sustainable Development
Goals (SDGs) does the < EXAMPLES > correspond to.
You can select multiple answers following format.

< Answer >: <1~ 17 >

Table 3: Prompt to extract the language model decision for each
project description: The “[Project description]” part will be filled
with the specific project description.

resentation h, with the conventional binary cross-entropy
loss H to directly perform multi-label classification. The re-
fined representation h, plays an important role in deciding on
which tokens to focus on based on the country information.

Lo = H(y, fo(hy)) (Eq. 11)

3.3 LLM Decision Guided Module

The CRS is the official databse that incorporates input from
a wide range of countries and experts on international aid.
However, this inclusivity leads to varied syntactic and se-
mantic distributions in the textual data, presenting significant
challenges for multilabel classifiers. Limited training data
for underrepresented SDGs further limit the generalizability
of task-specific classifiers. In contrast, LLMs are known to
demonstrate broader generalization capabilities due to their
higher representational capacity, which we integrate using an
attention mechanism.

Decision-Driven Attention. We first extract the LLM
decision ¥ for the project description x by building a prompt
using the definition of each goal, as illustrated in Table 3.
The decision representation h!, is constructed by sampling
the goal representation corresponding to the decision ¥
combining them through multiplication, and passing the
result through an MLP layer S; (Eq. 12). Similarly to
incorporating country information, we applied a mechanism
of cross-attention between the token embedding set and the
decision representation as follows:

h!, = SL(] ] hy,) (Eq. 12)
JEY
QKT
i = Wgei, K =Wghl, A; = Eq. 13
Q Qe Khy N (Eq. 13)
A = Softmax(A) (Eq. 14)
h, = AvgPool({A,e;, Asey, ..., A ey, }) (Eq. 15)

Consistent with Eq. 11, we apply standard binary cross-
entropy loss using the auxiliary classifier f; on top of the at-
tentive representation h,:

Lp = H(y, fi(h,)) (Eq. 16)
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Decision Evaluation. Naive utilization of LLM decision
can result in suboptimal prediction performance. To ad-
dress this issue, we propose an additional evaluation process
that assesses the usefulness of decision and calibrates their
weights for subsequent multi-label predictions. We generate
the usefulness label y,, by determining whether the original
label y overlaps with the decision . We evaluated the effec-
tiveness of the decision-driven representation of the model h,,
using this usefulness label y,,. We train the usefulness classi-
fier f,, with binary cross-entropy loss:

Multi-label Prediction with Calibrated Representation.
Using the usefulness classifier f, , we determine the scal-
ing coefficient o, by evaluating the usefulness of the LLM
decision-driven representation h, based on the prediction
probability of the classifier (that is, o, = fy(hy)). The re-
fined final representation h<'® is derived by combining the
country information-driven representation h, with the cali-
brated decision-driven representation h, (Eq. 18). Then the
final representation h<’® is then passed through the MLP clas-
sifier f.;s for final classification prediction:

h;ls = flx + azh,
['CE = H(ya fcls(h(g:;ls))

Finally, the overall loss function is computed by combining
the loss terms discussed above with hyperparameters A\, Ao
as given in Eq. 20.

(Eq. 18)
(Eq. 19)

Liotal = Log +MLa + M2 (Lo + Lp + Ly)  (Eq. 20)

For inference, we extract country information and decision
for the test data z;. We then perform an element-wise
summation of the refined characteristics: the country
information-driven representation ]Elxt and the calibrated
decision-driven representation a,, h,, to obtain the final
output characteristic (i.e., hg,lf = flm + oz, hy,). The final
feature is then passed to the classifier f.;s.

4 Experiment

4.1 Performance Evaluation

Dataset. As introduced in Section 1, our main dataset, the
CRS is internationally recognized as the standard for detailed
project-level aid data, providing breakdowns by country, sec-
tor, type of aid, donor, and year. Based on consultations with
aid experts, among the 93 data fields, we selected four key
features: project description, SDG focus index, donor code,
and recipient code. The project description provides a de-
tailed text of up to 4,000 words, used to classify the project
sector and its alignment with the aid goal. Introduced in 2018,
SDG focus index is a multi-entry label indicating up to ten
SDGs the project focuses on. However, reporting remains
voluntary due to the significant manpower required for data
entry and review [OECD, 2018].

The labels y correspond to the 17 SDGs listed in this focus
index. Figure 2 shows the data statistics, indicating under-
represented goals such as SDG 7 and SDG 14. The donor
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Figure 2: Distribution of SDG focus index by frequency (y).

code and recipient code are the nations participating in each
aid project. The former is a numerical value, often one of the
32 member countries of the OECD Development Assistance
Committee (DAC) or a multilateral donor organization. The
latter assigns a numerical value to the 170 recipient countries
or territories that receive international aid.

Implementation. We gathered 151,832 official aid docu-
ments and divided them into training and testing sets in a 3:1
ratio. This division was independent of the submission year,
ensuring consistency across the data’s studied fields. Due to
the bilingual nature of the documents (some in English, oth-
ers in French), we utilized a multilingual BERT as the foun-
dation and trained LLMs over 100 epochs. The Adam opti-
mizer for BERT was configured with a learning rate of 1e-05.
The hyperparameters in Eq. 20 were set to 0.1, with a to-
ken sampling threshold 7 of 0.01. Text-based baselines were
evaluated using the same backbone network, optimizer, and
learning rate. For graph-based baselines, the adjacency ma-
trix of the label graph was derived from the co-occurrence
matrix, which was constructed by counting the frequency of
label pairs in the training dataset. This label information was
then incorporated into the text encoder. We used OpenAl’s
GPT-40-mini with default settings of the top-p value at one
and the temperature at zero.

Result. We evaluated our framework against two LLM-
based classifiers and three text encoder-based classifiers.

» GPT-40 utilizes in-context learning for inference.
* GPT-4 Turbo uses in-context learning for inference.

« Vanilla BCE is a text encoder-based baseline that applies
conventional binary cross-entropy for multi-label classifi-
cation.

* LGCN integrates label graph information into the text en-
coder using an attention [Ma er al., 2021].

* GCLR utilizes contrastive learning to integrate label graph
information into the text encoder [Wang et al., 2022].

Table 4 reports the performance of multi-label classifiers,
showing that our framework consistently surpasses baseline
models across all metrics. The table also confirms that text
encoder-based classifiers generally perform better than LLM-
based classifiers, suggesting the importance of having contex-
tual information.
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Model \ Precision Recall Fl-score AUROC
GPT-40 0.7409  0.7578 0.7170 -
GPT-4 Turbo | 0.7407 0.8049  0.7381 -
Vallia BCE 0.8509  0.8004  0.8243 0.9382
LGCN 0.8628 0.8075  0.8365 0.9521
GCLR 0.8572  0.8142  0.8357 0.9519
Ours \ 0.8684  0.8192  0.8430 0.9617

Table 4: Performance comparison of multi-label classification meth-
ods on the CRS dataset. Best result is shown in bold text.

Model | Precision Recall Fl-score AUROC
Full Component 0.8684  0.8192  0.8430 0.9617
w/o SDG Semantic | 0.8631  0.8121  0.8368 0.9588
w/o Country Info 0.8671 0.8143  0.8399 0.9594
w/o LLM Decision | 0.8787  0.7971  0.8359 0.9609

Table 5: Ablation study results. The removal of any model compo-
nent results in a reduction of F1 score and AUROC.

Ablation Study. We conducted ablation experiments in
which each component was removed from the entire model
and considered four configurations:

* Full Components: Our complete method.

» w/o SDG Semantic: The method excluding contrastive
learning loss L¢, as detailed in Eq. 6.

» w/o Country Info : The approach without employing the
country information-based attention in Eq. 7 - Eq. 11.

* w/o LLM Decision: The method omitting the language
model-specific attention, referenced in Eq. 12 - Eq. 18.

Table 5 shows the performance for each ablation. Each
component positively contributes to the improvement of clas-
sification performance. The model without the LLM deci-
sion achieves higher precision but lower recall, indicating
that the SDG Semantics Injection Module and the Country
Information Guided Module play a crucial role in enhanc-
ing precision, while incorporating the language model’s de-
cision further boosts recall. In particular, the LLM decision
improved recall for underrepresented classes such as Goal 7
(0.74 — 0.81) and Goal 14 (0.68 — 0.73). Due to space lim-
itations, we show results on additional analyses such as the
LLM knowledge qualitative analysis and sensitivity analysis
for alternative LLM backbones in the Appendix.

5 Implication

We proposed a practical method to map aid projects with
the SDGs. By capturing a comprehensive range of project
dimensions, our model could improve classification accuracy.
Our method is recognized as a substantial contribution to
the fields of international development, public policy, and
financial management, allowing a more precise evaluation
of global development efforts. Moreover, it supports data-
driven decision making (DDDM), allowing policy makers to
systematically prioritize focus areas and formulate evidence-
based policies. We discuss implications for tracking and
monitoring aid projects and how Al methods can be used in
the strategic planning and execution of development projects.
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5.1 Discussion

For financial analysis, we imputed all data from 2015 to 2022
for missing historical aid projects using our model.

Limitations in Analyzing Past Data. As aid categorization
has been voluntarily recorded since 2018, there exist no labels
prior to that year, and a significant portion of the SDG cate-
gory data remain missing even after 2018. Much of the data
after 2018 suffer from incomplete labels, leading to analyses
that may not accurately reflect the actual aid allocations and
impacts (see Figure 6 in the Appendix). This issue limits the
historical analysis of contributions.

Analysis of Aid Financing Using the Trained Model. To
estimate labels for each past and missing project, we first ex-
tracted donor-recipient information and decisions through an
language model, then applied this information, along with
project descriptions, to our trained model. Although a single
project may align with multiple goals, distributing the budget
equally across all SDGs is suboptimal. We assume that the
annual budget sum S; for the i-th year in the labeled dataset
can be expressed as a linear sum of the statistics of the ¢-th
year for each k-th goal, cé", within the labeled dataset. To
estimate the budget wy, for each k-th goal, we fit a linear re-
gression model by solving the optimization problem (Eq. 21).
The estimated budget proportions, detailed in the Appendix
Table 6, are then used in the financing analysis.
17

i S; — 4% 2 (Eq.21
pmin 3 [ISi= (< wi)lf (Bq.2D)

i€{2018,..,2022} k=1

Our analysis highlights distinct trends from both the recip-
ient and donor perspectives. From the recipient side, illus-
trated in Figure 3, the allocation of the aid varies by income
group. Low-income countries receive concentrated support
for foundational goals like SDG 1 (No Poverty) and SDG 2
(Zero Hunger), while lower and upper middle-income coun-
tries see increased allocations for goals like SDG 8 (Decent
Work and Economic Growth) and SDG 9 (Industry, Inno-
vation, and Infrastructure). This indicates that development
needs and economic status shape the distribution of aid, em-
phasizing the importance of aligning aid with the priorities of
different income groups.

Figure 4 shows how donor priorities have shifted across
goals, particularly in response to global events over the course
of seven years. For example, funding for SDG 3 (Good
Health and Well-being) has nearly doubled since 2018 due to
the COVID-19 pandemic, before returning to pre-pandemic
levels by 2022. This fluctuation demonstrates donors’ ca-
pacity to adjust priorities in response to urgent global needs.
Methods like ours help better understand international de-
velopment financing, offering insights that were previously
unattainable due to extensive missing data and the lack of
structured SDG-specific data in aid records.

5.2 Expert Interview

We conducted three semi-structured interviews and two focus
group discussions to identify stakeholder’s challenges and as-
sess our Al model’s relevance and effectiveness. A total of
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Figure 3: Distribution of Estimated SDG Budget Allocation by GNI per Capita. SDGs with a ratio of less than 1% have been omitted.
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Figure 4: Estimated annual budget allocation. Over a 7-year period
for a subset of SDGs with the most variability.

eight aid experts participated in the study, belonging to dif-
ferent government agencies. Further details about the experts
are provided in the Appendix.

The interviews revealed three main challenges in the al-
location of SDGs: categorization difficulties in multifaceted
projects, variations in expertise and priorities between the
personnel involved in the assignment, and the influence of
policy priorities. Addressing these challenges requires nu-
anced project classification and standardized evaluation crite-
ria.

Efficacy of the Al model could be summarized into three
parts: efficiency, standardization, and potential. First, experts
found that the use of Al model in assigning the aid goal to
each project reduces time and increases the precision of their
given task. For example, the multidimensional nature of de-
velopment projects, especially those that target various ob-
jectives such as energy efficiency and climate change miti-
gation, has been adding complexities in assigning multiple
SDGs. Experts identified that model recommendations can
act as a guideline that reduces human labor and increases ac-
curacy by giving more time to review the answers rather than
solving them, indicated in the quote below:

“It could significantly reduce administrative work-
load, increasing efficiency, especially for those re-
viewing numerous projects annually. (OPC)”

Second, experts found that our Al model can enhance cred-
ibility and coherence by minimizing human subjectivity and
political influence, offering a standardized framework for aid
classification and policy evaluation. This capability, in partic-
ular, addresses stakeholders’ concerns about inconsistencies,
arbitrariness in officials’ interpretations, and the lack of clear
guidelines, all of which threaten data quality, as quoted:

“Automatic SDG assignment provides a standard-
ized guideline that reduces subjective variations
and greatly helps establish uniformity. (KOICA)”

Third, the model has the potential to support the efforts of
the OECD and the UN to align aid statistics with the SDGs by
encouraging broader participation in completing the currently
optional SDG focus index field. By simplifying this process,
it can promote wider participation among governments and
strengthen their commitment to sustainable development.

5.3 Conclusion

We presented a model that uses LLM to classify international
aid projects into SDG categories. This provides practical im-
plications, assisting project managers in the time-consuming
task of manually assigning multiple SDGs and supporting
government experts in reviewing annual aid data. Our ap-
proach could potentially lead to a revision of the CRS guide-
lines, making SDG categorization mandatory and improving
data quality and completeness, thus improving the reliability
of development assessments.

We introduced three components to address the challenges
in the classification of aid projects. Analytically, we com-
piled a new dataset that enriches existing aid information.
The model shows potential for conducting detailed retroac-
tive analyses of aid financing trends and donors’ behavior,
enabling a critical assessment of whether aid activities align
with SDG commitments and meet recipients’ demand.

The integration of Al in aligning aid projects with goal pri-
orities offers significant theoretical implications. Our study
serves as a salient example of how innovative technology can
contribute to global governance for sustainable development,
offering a foundation for further research. The expert in-
terview also suggests that, by improving scalability, trans-
parency, and aid effectiveness, our approach advances the
SDG reporting system and informs future efforts to improve
data-driven decision-making in international development.
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