ABSTRACT

Open data is a key resource for extracting indicators that support
decision making in urban planning, environmental monitoring,
and sustainable development. While indicators follow standardized
definitions, open data remains fragmented, schema less, and in-
consistent, making integration and computation challenging. This
paper presents SDG-KG, a Knowledge Graph (KG) framework for the
integration, mapping, and validation of indicators using multiple
datasets. We illustrate our approach with the Sustainable Develop-
ment Goals (SDGs), for which our framework structures textual
definitions, guides data retrieval, and formalizes indicator compu-
tation. Using graph based modeling, we build both an SDG Graph
and a Metadata Graph, resolve conflicts between sources, and
generate query driven execution workflows. Experiments on six
countries and two SDG indicators demonstrate the effectiveness,
and interpretability of the proposed framework.

CCS CONCEPTS

« Information systems — Graph-based database models; «
Computing methodologies — Semantic networks; « Software
and its engineering — Automatic programming.
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1 INTRODUCTION

Tracking progress is important for understanding how societies
evolve. It helps measure economic growth, social development, and

environmental impact. Indicators play a central role in this process.
They provide concrete evidence to evaluate policies, identify gaps,
and guide decision making. In urban planning, they reveal popula-
tion growth and infrastructure needs. In environmental monitoring,
they track pollution and resource consumption. For sustainable de-
velopment, they measure progress towards global goals. Reliable
and accurate indicators are essential for effective action and sus-
tainable planning [17, 21].

Open data is a powerful resource for building these indicators.
It is accessible, transparent, and available across many domains.
Governments, organizations, and international agencies publish
datasets on health, education, environment, and economic devel-
opment [9, 26]. These datasets provide insights at global, national,
and local levels. They enable policymakers to monitor progress and
make informed decisions [3].

However, open data is often fragmented and inconsistent. It is
stored in different formats like CSV, GeoJSON, SQL dumps, and
APIs. It varies in granularity, spatial coverage, and update frequency.
These differences make it hard to combine and analyze data effec-
tively [1, 20]. Traditional methods struggle to harmonize these
diverse datasets. There is a need to integrate and compute indica-
tors across multiple sources.

In the context of sustainable development, the United Nations
defined 232 indicators to monitor progress across 17 Sustainable
Development Goals [13] (SDG). Many indicators, especially Tier II
and Tier III, lack data or standard methods. Several national and
international bodies encourage the use of open data to improve
their coverage and computability. This requires finding relevant
datasets, aligning schemas, and formalizing indicator logic.

A promising solution to this challenge is the use of Knowledge
Graphs (KGs), which provides a flexible and semantically rich data
model for integrating diverse sources while preserving relationships
between entities [4, 8]. KGs have been widely adopted for data inte-
gration and semantic interoperability across disparate sources [14].
Additionally, Large Language Models (LLMs) have demonstrated
strong capabilities in schema matching and entity linking, making
them valuable for aligning heterogeneous datasets [16].

To understand how it works, consider the query shown in Fig-
ure 1. It focuses on SDG Indicator 11.2.1, which measures the share
of population with access to low capacity public transport. The
needed data exists in open platforms, but with different schemas
and variable names. For example, geometry and ArRGeopoint de-
scribe the same thing but are not linked. Values like bus must be



mapped to SDG terms such as low capacity. To handle this, we
model the indicator in a knowledge graph. It defines concepts, at-
tributes, and allowed values from official SDG metadata. Using
LLMs, we align attributes and map values, even when formats or
labels differ. Once the graph is populated, we can run queries that
retrieve only the relevant data. This enables clean and accurate
computation, even from fragmented and inconsistent sources.

In this paper, we present SDG-KG, a framework that supports the
structured computation of SDG indicators from open and hetero-
geneous data sources. Our approach leverages a dual knowledge
graph model that integrates both indicator semantics and dataset
metadata, enabling automated query driven selection, alignment,
and execution.

We summarize our contributions as follows:

e We introduce a dual-graph based framework that models
indicators, data sources, and metadata to enable transparent
and reproducible indicator computation from open data by
generating source code indicators.

o We address three key challenges: schema mismatches across
sources, conflicting or redundant datasets, and the absence
of formal computation rules. We show how our dual graph
architecture, combined with LLM-assisted mappings and a
trust based filtering mechanism, addresses each.

o We evaluate SDG-KG on real world queries for SDG indicators
(e.g., 11.2.1 and 11.6.2), using datasets from six countries. Re-
sults show accurate value computation, interpretable source
selection, and robustness across metadata profiles.

The remainder of this paper is structured as follows: Section 2 re-
views related work on data integration, indicator computation, and
the use of knowledge graphs and language models. Section 3 intro-
duces the key components of our modeling approach, including the
SDG Graph and Metadata Graph. Section 2.2 presents the SDG-KG
framework, detailing its architecture, data flow, and trust based
source selection strategy. Section 5 reports the experimental eval-
uation on indicator computation, mapping quality, and metadata
filtering. Section 6 concludes the paper.

2 RELATED WORK

2.1 Knowledge Graphs for Data Integration

Knowledge Graphs (KGs) are widely used for integrating hetero-
geneous data sources. They represent data as a set of entities and
relationships, enabling semantic alignment across domains. KGs
provide a flexible schema and support reasoning, making them use-
ful for unifying structured and semi- structured data [8]. However,
most KGs focus on entity level integration and do not capture the
procedural or computational logic required for tasks like indicator
computation.

Traditional integration methods struggle [5, 18] with schema
heterogeneity and context loss. KGs address this by incorporating
ontologies and shared vocabularies, which help map concepts across
datasets [22]. This makes KGs effective for open data integration,
especially when sources vary in format and semantics.

Virtual Knowledge Graphs (VKGs) extend this idea by provid-
ing an abstraction layer over existing databases without requiring
data duplication [23]. Queries are rewritten dynamically into the

sources, enabling access to distributed data through a unified seman-
tic interface [2]. VKGs are increasingly used in industrial settings
where data is too large or sensitive to move. Yet, they assume high
metadata quality and lack mechanisms to rank or prioritize among
multiple sources

Recent works also explore the combination of KGs with Large
Language Models (LLMs) to improve schema matching and data
discovery across sources. These hybrid systems leverage the struc-
ture of KGs and the contextual understanding of LLMs, offering
promising results for open data integration [15]. All these recent
techniques have not yet been applied to the studied domain because
of the lack of structure in both open data and indicator documenta-
tion. It implies a high complexity for the computation of indicators
or even the query itself that requires to be tuned manually.

2.2 Schema Matching and Computation

Knowledge Graphs are well suited for computing indicators, es-
pecially in the context of the SDGs. They can model indicators,
data sources. Santos et al. [19] built a city level KG to structure ur-
ban mobility indicators and automate dashboard generation. Their
work shows how KGs support dynamic computation from diverse
inputs. An other approach [ANONYMIZED] combined KGs with
Large Language Models (LLMs) to improve schema matching and
entity linking. This approach enhances alignment between open
datasets and SDG definitions, supporting scalable and accurate indi-
cator computation. Together, these works show that KGs, especially
when combined with LLMs, are a promising solution for modeling
indicators and fragmented data.

Matching schemas across datasets is a core challenge in data
integration. Traditional methods rely on rules or string similar-
ity [18]. Recent work uses embeddings and language models to
better capture semantic alignment [25]. In KGs, entity linking is
used to match attributes and values to graph nodes. These tech-
niques are critical when working with open data, where metadata
is often missing or inconsistent [8].

While KGs and LLMs are effective for schema alignment, most
approaches stop at the mapping stage and don’t cover the full
pipeline from source selection to indicator computation. They often
ignore metadata like time or space, and rarely assess how mapping
quality affects final results. There’s still a gap in building end-to-end,

explainable workflows.

3 PRELIMINARIES

Our work focuses on computing indicators using a KG based repre-
sentation. In this section, we present the core modeling components
that support this process. We define the structure of the indicator
model, the representation of data sources, and the mapping.

3.1 SDG Graph

The Sustainable Development Goals (SDGs) are organized into a
hierarchy of goals, targets, and indicators, each designed to mea-
sure global progress. While prior models like LinkedSDGs and
SustainGraph [7] capture SDG concepts and target evolution, SDG
Graph focuses on structuring indicators for computation using mul-
tiple and heterogeneous data sources from open data.



What is the proportion of population with convenient access
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Figure 1: Computing SDG Indicator 11.2.1 from open data. Step 1: collect datasets. Step 2: model the indicator in a knowledge

graph. Step 3: align data and compute the result.

The SDG Graph represents the hierarchical structure of the SDGs,
where entities and relationships are explicitly defined following the
United Nations (UN) SDG Indicator Metadata Repository. This struc-
ture is automatically generated as part of a data-driven approach
and results from a previous expert-validated contribution.

Each node in the graph represents a well defined concept from
the SDG documentation. Relationships describe how concepts are
connected, from goals to indicators, and from indicators to variables
needed for computation. The graph helps formalize indicator logic
and connects it to data through the Metadata Graph.

The model consists of the following components:

o Goals: High level objectives that address global issues (e.g.,
Sustainable Cities and Communities - SDG 11).
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Figure 2: Sample of SDG Graph

o Targets: Specific aims within each goal that define measur-
able outcomes (e.g., Provide access to safe, affordable, accessi-
ble, and sustainable transport systems, Target 11.2).

e Indicators: Quantifiable metrics for evaluating progress
toward each target (e.g., Proportion of the population that has
convenient access to public transport, by sex, age, and persons
with disabilities, Indicator 11.2.1).

e Concepts: Domain specific entities related to SDG measure-
ment (e.g., Population, Public Transport, Street Network).

o Attributes: Descriptive properties of concepts used in cal-
culations (e.g., for Population: Space, Time, Age Group, Sex).

Concepts and attributes form the basis for computing an indica-
tor. Each concept expects specific input data, which must be linked
from real datasets. These inputs include spatial and temporal scopes,
disaggregation dimensions, and value types. It worth noting that
each concept node is linked to 1 Space node, 1 Time node and at
least 1 Value node. This structure is a key structure for SDG com-
putation which requires the alignment of data on space and time
all along the process (Section 4.4).

Figure 2 illustrates a sample SDG Graph, highlighting the nodes
and relationships between goals, targets, indicators, concepts, and
attributes. To enable automatic computation, open dataset attributes
are mapped to predefined SDG attributes. These mappings are used
later in query generation and indicator calculation.

3.2 SDG Indicator Formula

To compute an indicator, the corresponding formula is embedded in
the SDG Graph’s indicator node, represented in a structured JSON
format that defines how involved concept nodes are transformed
and aggregated. The formula is extracted from the UN Metadata
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Figure 3: The SDG-KG’s framework of our proposed method.

repository, where it is expressed in natural language or mathemati-
cal notation and must be encoded.

Take the following JSON as an example (refers to the formula
‘compute_11_2_1.json” of the indicator node in Figure 2):

{"FilteredPop":{"$Filter":["Population","$Qc"1}},
{"AccessPop": [
"FilteredPop",
{"$ComputeDistance": ["PublicTransport", "StreetNetwork"]}
13,
{"RETURN": {"$div": ["AccessPop", "FilteredPop"]}}
]

Here, the JSON document is an ordered list of computation steps
composed of documents with variables (keys), ending with a “RE-
TURN” value. The “FilteredPop” variable represents the subset of
population (concept node) linked to the use case’s context $Q. (gen-
der, age, etc.). The “AccessPop” variable is the subset of this popu-
lation with convenient access to public transport where the link be-
tween the population (“FilteredPop”) and transports (“$Compute-
Distance”) is implied by the alignment of space and time values
from each piece of data. The “$ComputeDistance” operation cal-
culates the proximity between population clusters (extracted from
the “FilteredPop” variable) and public transport stops using the
“StreetNetwork”. Finally, the “RETURN” statement computes the
population proportion with access by dividing “AccessPop” by
the total “FilteredPop”. The formula guides the combination of
concept nodes (string values in red) in order to capture any re-
quired attribute. Data linkage through space and time is implied
(and treated during the execution plan generation Section 4.4).

4 PROPOSED METHOD

Our method connects open data to SDG indicators through struc-
tured modeling and automated alignment. It is based on a dual
graph approach. The first graph captures indicator structure; the
second describes datasets and their metadata. These graphs are
combined and queried to compute the indicator.

Figure 3 presents an overview of the process. It starts by building
the Metadata Graph from available datasets. Then, the SDG Graph is
generated from official documentation. The two graphs are aligned
using LLM-assisted mapping. The resulting graph is filtered based
on the user query. Finally, the indicator is computed using a rule-
based execution plan.

4.1 Metadata Graph

The Metadata Graph (Metadata Graph) describes the structure
and content of each dataset [6]. It includes nodes for datasets, their
attributes, and metadata. Each attribute is enriched with dimensions
such as spatial and temporal coverage, granularity, source reliability,
and completeness. The Metadata Graph follows Open SDG! format.
Open SDG is a standard data structure for SDG reporting. It is used
by number of countries and institutions to publish their indicator
data. The format defines how each dataset sould be organized.
It includes fields for indicator codes, dimensions, time periods,
values and units. It also provides a way to include metadata such
as definitions, sources and computation methods.

By following this structure, the Metadata Graph is compatible
with official SDG data and makes it easier to connect new datasets.

This graph allows to make reasoning about data quality and
relevance. It also enables flexible selection of sources based on user
constraints. Similar metadata-driven approaches are used in prior
works on data discovery and selection [12].

The Metadata Graph is designed to be queryable and extensible.
For example, a user can retrieve all datasets that cover a specific
region at a given time resolution. This structure also helps exclude
sources that do not meet a minimum reliability threshold. For spatial
and temporal descriptors, we rely on controlled vocabularies (e.g.,
NUTS levels for regions). When these are missing, we extract them
using LLM-based parsing from headers or descriptions.

!https://open-sdg.readthedocs.io/en/latest/data-format/



Table 1: Operators’ Definition Involved in Algorithm 1

GetConcept GetConcept(D € G*,Qy) =R

Filter Oritter.(R) ={r € R| oc(r)}

ComputeDistance | 6cp, (R1,Rz) = {(si, ti,vi) € Ry | 3(sj, t;,v) € Ry such that dist(s;,sj) < 7}

Aggregation

Oagg(R) = r’, where r’ summarizes R under & |® : P(R) —» R™, &(R) = agg(v1,02, . ..,0n)

Align Btign(R1, Rz) = {(s,1, (v1,02)) | (5,t,01) € Ry, (5,8,v2) € Ry}

4.2 Automated Mapping

Once both graphs are created, we map dataset attributes to SDG
concepts. This step is partially automated using an LLM. It helps
resolve naming mismatches and align semantics. For example, it
maps geometry to ArRGeopoint, or bus to low capacity.

The mapping involves two levels. First, we align attributes to
SDG concepts. Then, we align value vocabularies. The goal is to
translate dataset specific codes into SDG compliant terms. LLMs
have been shown effective for this task [11], especially when meta-
data is sparse. All mappings are stored in the graph, with scores
(see below) and traceability. They can be reviewed and refined by
experts if needed.

To ensure mapping quality, each link generated by the LLM is
assigned a confidence score. This score is computed using cosine
similarity between the embedding of the predicted label and that
of the target concept in the SDG Graph. It captures how close
the two terms are semantically, even if they differ lexically. For
example, pop_acc_lc_500m is correctly matched to Proportion of
population with access to low-capacity public transport within 500
meters. Low-confidence mappings (e.g., score < 0.7) are flagged
for expert review. This semi-automated process balances precision
and scalability. In our experiments, LLMs outperform traditional
string similarity methods, especially in multilingual cases or when
values are abbreviated. This mapping step allows us to align the SDG
Graph and Metadata Graph, producing the unified and executable
graph: SDG-KG.

4.3 Graph Filtering

In order to answer a query from a given indicator, space and time
parameters, we need to extract relevant parts of the SDG-KG to focus
on proper open data values. The SDG-KG G helps to provide a set of
solution subgraphs G; C G where the indicator node I (from use
case Qy), in the SDG Graph, is linked to source nodes D C D in the
Metadata Graph.

The goal of this step is to select the most relevant graph G* € Gy
containing the best set of sources D among the available sources
D c Gp. To achieve this, we propose the Trust Score Metric (TSM)
that quantifies the alignment between a dataset’s metadata and the
user-defined query parameters.

Definition 4.1. Let D € D C Gy be a dataset with metadata D =
{Ds, D¢, D¢, Dy, Dp} respectively representing its spatial, temporal,
contextual granularity, reliability and completeness information.
Let Q; = {qgs, g1, qc} be a query specifying spatial, temporal, and

contextual constraints. The TSM of D regarding Qy is defined as:

- 2 [wi-Sim(D;, qi)] + wr - u(Dy) +wp - 0(Dp)
TSM(D, Qy) = ie{stc}

wi
ie{stcr,p}

where:

® Ws, W¢, W, Wy, Wy represent user-defined normalized weights
[10] controlling the importance of each factor, 3, w; = 1,

e Sim(D;, g;) is the similarity function for each dimension
(spatial s, temporal ¢, contextual c - g; € Qy),

o u(Dy): Reliability score, assessing the trustworthiness of the
dataset source (e.g., governmental, NGO, crowdsourced data).
u(Dr) € [0,1],

¢ v(Dp): Completeness score, indicating the proportion of ex-
pected records available in the dataset. v(Dp) € [0,1].

The trust score serves as a ranking function over all possible
dataset combinations. This is important when several datasets cover
the same concept and parameters (space and time from Q) but
differ in quality or relevance. For example, two datasets may both
contain population data, but only one may provide disaggregated
information by age or sex. Our metric ensures that the selected
subgraph G* contains the most relevant and complete sources for
computing the requested indicator.

The resulting TSM score is normalized between 0 and 1, where
higher values indicate a closer match to the query. This formulation
ensures that selected datasets for indicator computation best align
with user-defined spatial, temporal, and contextual constraints with
respect to the source reliability and completeness score.

The problem of finding the best candidate graph G* can be for-
malized as the following:

TSM(D, Qr) 1
DEDNG

G* = arg max
Gcgr

4.4 Execution Plan Generation

Once the indicator node I and a use case Qj are chosen, as well as
the best subgraph solution G* C G, it requires to translate this
subgraph into an execution plan that links open data sources D
to the I node’s formula computation f7. The indicator’s formula f;
given as a JSON document (Section 3.2) is composed of explicit (in
the formula: $Filter, $ ComputeDistance, $ Div, etc.) and implicit oper-
ations (Align, SUM, etc.) applied on nodes (extracted by GetConcept
and variables which structures the execution plan.

Each concept from the SDG Graph is linked to at least space (s),
time () attributes and value nodes (v) (cf. Section 3.1). Thus, the
use case Qr is applied on each linked source to get corresponding
dataR = [s,t, (v)].



Algorithm 1 Generated execution plan for Indicator 11.2.1

Input: A Solution Graph: G*, Query Parameters Qr = {qs, 9z, 9c}

Step 1: Retrieve concepts from the graph

1: PT « GETCONCEPT(G*, “PublicTransport”, gs, q¢)

2: Pop « GETCONCEPT(G*,'Population”, gs, q;)

3: SN « GETCONCEPT(G*, “StreetNetwork”, gs, qt)
Step 2: Filter Population

4: FilteredPop « FILTER(Pop, q.)
Step 3: Compute Service Area & Population Within

5: ServiceArea «— CoMPUTEDISTANCE(PT, SN, 500)

6: AccessPop « ALiGN(FilteredPop, ServiceArea)
Step 4: Compute Indicator Value

7: FilteredPopV « SuM(GETATTRIBUTE(FilteredPop, “Value”))

8: AccessPopV « SUM(GETATTRIBUTE(AccessPop, “Value”))
RETURN (AccessPopV / FilteredPopV)

The execution plan 6y is composed of operations § € © to com-
pute the indicator value (defined in Table 1). Each operator 6 is
defined as a transformation 6 : R — R and the execution plan is a
composition of such operators:

Oy =0pobp_10---06

Our approach aims at generating execution plans like Algo-
rithm 1 relying on the SDG-KG graph. The execution plan is gener-
ated by applying the following steps:

o First each concept node is identified from Indicator nodes
(graph traversal) and apply GetConcept to apply use case’s
space and time constraints on G* (Step 1);

o For each key value pairs (except RETURN) generates a vari-
able with the corresponding operations (Steps 2 and 3). This
step is recursive (e.g., lines 5 and 6). Notice that implied align-
ment operators (list of variables & operations) link data on
related space areas s and time period ¢ (Line 6 & Table 1);

o Finally, the RETURN step seeks for Value data (GetAttribute)
with a graph traversal to mapped nodes in the Metadata
Graph. By default a sum? of values is computed. The final
computation formula is applied with previously computed
variables.

The output of our approach is a source code like in Algorithm 1
that computes the indicator on a given use case Q.

Notice that the GetAttribute operation handles sources D C
G* from the Metadata Graph with various capabilities (SQL, NoSQL,
CSV). Implementation details are out of the scope this article.

Thanks to our approach composed of operators and the final
execution plan, we can infer some properties: compositionality
(each 6; is closed over R, enabling modular and traceable pipelines),
reproducibility (f; is fully determined by G* and the indicator
formula f7), inspectability (intermediate results at each 6; can be
extracted for validation or adjustment).

5 EXPERIMENTS

In this section, we evaluate our framework by answering the fol-
lowing Research Questions (RQs):

2The number of raws in the Open SDG format depends on the level of granularity of
geographic areas (national, regional, city, etc.)



6 CONCLUSION

In this work, we introduced SDG-KG, a knowledge graph based
framework for computing SDG indicators from open and hetero-
geneous data. The approach relies on a dual graph model: one
for indicator semantics and one for dataset metadata. It supports
automatic mapping, trust based source selection, and indicator exe-
cution. Experiments on real world data show that SDG-KG produces
accurate values, enables interpretable source filtering, and scales
across diverse contexts. These results confirm that open data and

Shttps://databank.worldbank.org/source/sustainable- development-goals-(sdgs)



structured metadata can support scalable and explainable indicator
computation.

Future work includes integrating domain specific statistical cor-
rections, such as those applied by national agencies, to refine com-
puted values. We also plan to support indicator computation at
multiple spatial and temporal granularities that represent an un-
derexplored aspect in current literature. Finally, we aim to model
and explain the impact of major disruptive events (e.g., pandemics,
policy shifts) on indicator trends, using knowledge propagation
within the graph.
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