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ABSTRACT

Knowledge Graphs can be encoded using different data models.
They are especially abundant using RDF and recently also as prop-
erty graphs. While knowledge graphs in RDF adhere to the subject-
predicate-object structure, property graphs utilize multi-labeled
nodes and edges, featuring properties as key/value pairs. Both mod-
els are employed in various contexts, thus applications often require
transforming data from one model to another. To enhance the in-
teroperability of the two models, we present a novel technique,
S3PG, to convert RDF knowledge graphs into property graphs ex-
ploiting two popular standards to express schema constraints, i.e.,
SHACL for RDF and PG-ScHEMA for property graphs. S3PG is the
first approach capable of transforming large knowledge graphs to
property graphs while fully preserving information and semantics.
We have evaluated S3PG on real-world large-scale graphs, showing
that, while existing methods exhibit lossy transformations (causing
a loss of up to 70% of query answers), S3PG consistently achieves
100% accuracy. Moreover, when considering evolving graphs, S3PG
exhibits fully monotonic behavior and requires only a fraction of
the time to incorporate changes compared to existing methods.
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1 INTRODUCTION

Knowledge Graphs (KGs) play a pivotal role in various domains by
enabling storage and querying information as graph data [20, 29, 36].
KGs are usually modeled either as property graphs (PG [16]) or us-
ing the Resource Description Framework (RDF [14]). KGs modeled
as PGs are mostly used in social networks, recommender systems,
and fraud detection [10], while KGs modeled as RDF are often used
in question answering, semantic search, and reasoning [7]. Both
types of models rely on basic graph concepts like nodes and edges,
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Figure 1: Overview of our proposed S3PG translation

but have different modeling approaches, expressivity, serializations,
and query paradigms. When modeling KGs in RDF, data is stored in
the form of <subject-predicate-object> triples. On the other hand, the
PG model assigns multiple labels to both nodes and edges. These
nodes and edges are further annotated with properties encoded
as sets of key-value pairs. Despite the growing prominence of
KGs, the interoperability between these two models remains unre-
solved [4] and therefore poses a significant challenge for users of
graph data [22]. The ability to seamlessly translate data modeled
as RDF into the PG data model holds profound implications for
enhancing data exchange, data integration [23], query performance,
and analytics across various domains [4]. Difficulties in transition-
ing between these models to address evolving business is further
causing undesired operational costs [22].

To this end, few approaches [5, 12, 19] have been proposed to
convert KGs encoded as RDF triples into PGs with significant short-
comings in mapping or translating between the two models [16].
There are two major limitations in existing transformation tech-
niques [5, 28], i.e., losslessness and monotonicity. In this work, we
refer specifically to schema and data losslessness. We refer to loss
of data when converting instance data (i.e., from the ABox) and loss
of schema in terms of integrity constraints (e.g., type, uniqueness,
or cardinality constraints)!. Existing approaches lack these kinds
of losslessness due to naive conversion methods, for example when
mapping multi-valued properties of mixed types, such as simple
text values as literals and links in the form of IRIs. These limitations
lead to significant data loss during the transformation process. In
DBpedia [6] for example, nodes representing music albums contain
properties like dbp:writer and dbp:producer. These properties de-
scribe attributes of the albums, such as the writer(s) and producer(s).
In some cases, these attributes are represented as simple text values
(literals), like the name of the writer or producer, while in other

!Since PGs do not support a standard language to express ontologies as RDF does, we
leave it to future work to define a method to preserve semantics encoded in ontological
constraints, e.g., in OWL.
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cases, they may be represented as links (IRIs) to other nodes. For
instance, in the case of the music album dbr:California_Sunrise, the
writers are referenced using IRIs, such as dbr:Billy_Montana, as well
as through string literals like ‘Tofer Brown’. Existing conversion
techniques often assume that these properties consistently lead to
homogeneous types of information. For example, they might expect
that the dbp:writer property always connects an album to a specific
node representing the writer. However, this assumption can break
down when dealing with albums where the writer’s information is
provided only as text, without a specific node. Consequently, this
discrepancy results in a considerable loss of information, necessitat-
ing extensive manual data preprocessing to ensure a fully data pre-
serving transformation. Additionally, when transforming evolving
KGs, existing transformation techniques [5, 28] lack monotonicity.
This means that any update to the source KG in RDF requires a
complete re-computation of the entire data conversion.

To overcome these limitations, we propose the Standardized
SHACL Shapes-based PG Transformation (S3PG). Our approach
leverages standardized schemas for both RDF and PG data models
to ensure the preservation of graph data and integrity constraints
in the transformation process, while also preserving monotonicity.
In the context of S3PG, the term KG refers either to an RDF graph,
which also includes schema information, or to a property graph
with its schema. For the RDF data model we consider schema in-
formation encoded with SHACL shapes [21], a W3C standard, and
for the PG data model we adopt PG-ScHEMA [1], the most recent
standard capable of enforcing constraints on property graphs. By
leveraging these standardized schemas, we propose the first reliable
transformation approach. S3PG involves two distinct transforma-
tions: schema transformation and data transformation. Schema
transformation converts the SHACL shape schema to PG-SCHEMA,
while data transformation converts the instance data from RDF to
PG, as depicted in Figure 1. Schema transformation requires the
preservation of the semantics encoded by the schema in terms of
integrity constraints during the transformation process [37]. Thus,
the term loss refers to the loss of both instance data, in terms of
triples connecting nodes and literals, as well as loss of integrity
constraints in S3PG. S3PG thus provides the ability to reconstruct
the original RDF instance data from the transformed schema and
PG data and it preserves the semantics of the integrity constraints
encoded by the SHACL shape schema in the transformed schema.
Additionally, S3PG ensures monotonicity, ensuring that the PG
model does not need full recomputation after updates to the source
RDF data. In the example of music albums in DBpedia, SHACL
shapes can effectively encode heterogeneous types for writers by
specifying types associated with the dbp:writer property. Such con-
straints can be captured in PG-ScHEMA. Therefore, when a SHACL
schema undergoes transformation to PG-ScHEMA using S3PG, these
constraints are seamlessly translated, thereby ensuring a transfor-
mation that accurately corresponds to the schemas, preserving
information and semantics.

We evaluated S3PG using real-world datasets: DBpedia [6] and
Bio2RDF Clinical Trials [8]. Our analysis shows that S3PG consis-
tently achieves 100% accuracy, surpassing existing approaches with
accuracy rates ranging from 30-99%. Furthermore, S3PG reduces
transformation time by one order of magnitude as compared to
existing methods. Moreover, S3PG requires only a fraction of the
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time to incorporate changes in the input RDF KG to the output PG,
unlike existing approaches that require the re-computation of the
entire transformation.

In this paper, we make the following contributions:

e we present, S3PG, a novel technique to transform RDF knowl-
edge graphs into property graphs using the latest standards, i.e.,
SHACL [21] and PG-ScHEMA [1];

o we show that S3PG fully preserves information and integrity
constraints by efficiently mapping also heterogeneous multi-
type multi-value properties;

o SP3G further supports incremental updates in a monotonic man-
ner without the need to re-compute the entire transformation.

This paper is structured as follows. First in Section 2, we explain the
preliminaries, formalizing RDF and PG along with their respective
schemas. Next, Section 3 formalizes the transformation challenges
and properties. Following that, Section 4 presents the S3PG ap-
proach for schema and data transformation. The experimental eval-
uation is presented in Section 5, while Section 6 discusses related
work. Finally, Section 7 concludes the paper, providing insights into
future research directions.

2 GRAPH SCHEMAS AND DATA MODELS

In this section, we present the formal definition of Knowledge
Graphs (KGs), along with the basics of how to encode instance
data with RDF and PG and how to encode integrity constraints in
SHACL and PG-Schema. While it is generally possible to directly
translate data modeled in RDF to PGs, it is not always straightfor-
ward to establish whether the opposite is true. This is because the
PG data model support features that do not have a direct mapping
in RDF [41]. Therefore, in S3PG, our focus is on transforming RDF
data (the ABox) and the corresponding validating shapes to an
equivalent PG and PG-scHEMA, while the conversion from PG to
RDF requires a separate study.

2.1 RDF Graphs and Shape Schemas

The standard model for encoding KGs is the Resource Description
Framework (RDF [14]), which describes data as a set of (s, p, 0)
triples stating that a subject s is in a relationship with an object o
through predicate p. We define an RDF graph as follows:

Definition 2.1 (RDF graph). Given pairwise disjoint sets of IRIs
7, blank nodes 8, and literals £, an RDF Graph G:(N, E) is a graph
with a finite set of nodes NC(ZUBUL) and a finite set of edges
Ec{(s,p,0)e(TUB) x I x (TUBUL)}.

IRIs I are global identifiers for entities while blank nodes 8 are
nodes without any defined source identifier and £ represents the
set of literals. We distinguish two subsets of IRIs I: predicates
% and classes C. The set of predicates P T is the subset of IRIs
that appears in the predicate position p in any (s, p,0)€G. Here,
we include schema elements from RDFS [15], such as rdfs:Class,
rdfs:subClassOf, and rdfs:Literal, that are needed for the in-
terpretation of the shape schema defined below. Thus, among the
predicates P, we identify the type predicate ac® (which is an
abbreviation for rdf:type [43] or wdt:P31 in WikiData [40]) and
rdfs:subClassOfe P. The former connects all entities that are
instances of a class to the node representing the class itself, i.e.,



Transforming RDF Graphs to Property Graphs using Standardized Schemas

SIGMOD-Companion ’25, June 22-27, 2025, Berlin, Germany

| :subOrgOf \ dob

:nfme :worksFor :teacherOf
af':offeredByff

»~{Course
‘ ..

giakesGolise :takesCourse

:n‘;ame a
v

Legend |a = rdf:type , - --» rdfs:subClassOf |

R > :Person l€----- q{ :Student -

! :name * xsd:string [1..1] :regNo* xsd:string [1..1] E

. * . 1

dob® sdighear || |
Facult xsd: string | :advisedBy© [1..*] !

xsd: date [1..1] [ -GS :

‘ :takesCourse* xsd:string [1..*] ‘
I

:Universit :Professor

:takesCourse® [1.. *]
|
:worksFor® [1..*]
:subOrgOf® [1..1] ‘teacherOf® [1 .. *] A
Legend

:name * xsd:string [1..1] :offeredBy® [1 .. *] -9 sh:node, « :sh:Literal, @ : sh:IRI |
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(c) Property Graph created by transforming the RDF graph shown
in Figure 2a using S3PG.

(b) SHACL schema for the RDF graph shown in Figure 2a. Cardinality
constraints: [minCount, maxCount], with * for undefined cardinality.
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(d) PG-ScHEMA constructed by transforming the SHACL schema shown
in Figure 2b using S3PG.

Figure 2: An example of transforming an RDF graph into a property graph using SHACL and PG-ScHEMA

their type. The latter indicates subclass relationships between ele-
ments in C. Thus, C:{cef|3seT s.t. (s,a|rdfs:subClassOf,c)eG}.
Figure 2a shows an example that models the data of a subset of a
university database.

Apart from instance data in RDF graphs, S3PG also supports
converting its schema given in the form of validating shapes. A
shape schema Sg represents integrity constraints on graph G in
the form of node and property shapes. Without loss of generality
we define S adopting the syntax used for defining the standard
SHACL core constraint components [35, 42].

Definition 2.2 (Shape Schema). A shape schema Sg consists of
a set of node shapes (s, 75, ®5s)€SG, where s is the shape name,
15€ CU{s"|(s", 75, ps' Y €S } is the target class or anode shape s’ €S,
and @ is a set of property shapes of the form ¢s:(rp, Tp, Cp), where
Tp€P is called the target property, T,CJ contains either an IRI
defining a literal type, e.g., xsd:string, or a set of IRIs — called class
type constraint, and C, is a pair (n,m) € N x (NU{co}). n<m -
called min and max cardinality constraints.

Therefore, given a node shape s€Sg for a target class 7;€C, s
defines which properties each instance of 7 can or should be asso-
ciated with. Furthermore, 7, can also correspond to one of the node
shape names in Sg, meaning that it inherits and extends the con-
straints for that shape. For instance, the Student shape in Figure 2b,
contains a node shape for the target class :Student and enforces a
property shape ¢ with property 7,= :regNo (registration number),
which is a literal type constraint Tp= xsd:string, with the cardinality
constraints Cp=(1, 1). Similarly, the Graduate Student (GS) node

shape contains a property shape ¢ having 7,=:takesCourse with
a class type constraint Tp=:Course, and the cardinality C,=(1,00).
Further, the GS node shape inherits 7,= :regNo from Student.

When validating a graph G against a shape schema Sg with
node shape (s, 75, @5)€Sg, we verify that each entity e€G that is
an instance of 7, satisfies all the constraints ®. Note that we use
the terms entity and node interchangeably throughout the paper.
Thus, we define the semantics of Sg as follows:

Definition 2.3 (Shape Semantics). Given anode shape (s, 75, D5)€Sg,
an RDF graph G, and an entity e s.t. (e, a, 75)€G, then s validates e,
and we write e conforms to ¢ in G (i.e., el=g @), if for every property
shape ¢s:(zp, Tp, Cp)€®; the following conditions hold:

o If Tp is a literal value type constraint, then for every triple
(e, T, I) € G, lis a literal of type Tp.

o If T is a set of class value type constraints Tp={t1, f2, ...tn }, then
for every triple (e, T, 0)€G, it holds that VteTp, o is an instance
of t (or of a subclass of t) and if 3S;€Sg, ol=GS:.

e If T, isaset of node type value-based constraints Tp={s1, 52, ...sn }
where s;€Sg, then for every triple (e, Tp, 0)€G, it holds that
VseTp , ofs;.

e n<[{(s,p,0) €G:s=eAp=r1p}| <m, where Co=(n,m).

Therefore, if a property shape specifies a literal value type constraint
(e.g., enforcing values of type string, or integer), then for every
triple (e, 7p,[) in the RDF graph, object [ must be a literal of the
specified type Tp. If a property shape specifies a set of class value
type constraints in Ty, (e.g., lists specific RDF classes), then for every
triple (e, 7p, 0) in the RDF graph, object o must be an instance of
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one of the classes in Tp. Additionally, if any of these classes have
associated shapes in the schema, object 0 must conform to the
corresponding shapes. If a property shape specifies a node type
constraint in T, that is, if it refers directly to a node shape s; in Sg,
then for every triple (e, 7, 0) entity o must conform to s; defined
by the value of Tp. Further, the number of triples in the RDF graph
where e is the subject and 7, is the predicate must not occur fewer
than n times or more than m times with entity e.

When using S3PG, it is essential to have a shape schema Sg of
RDF graph G. Some open RDF graphs [38] are already available
with shape schemas. For RDF graphs where SHACL shapes are
not readily available, various techniques [9, 13, 17, 25, 30, 31, 33]
are available to extract a shape schema either from ontologies or
directly from the graph data. This flexibility allows us to capture the
implicit schema and constraints in G, ensuring that S3PG can ac-
commodate a wide range of complex RDF data models and maintain
data integrity throughout the conversion process.

2.2 Property Graph and PG-Schema

A property graph is a node- and edge- labelled directed attributed
multigraph [1]. We assume a countable set of labels £, property
names (keys) K, property values V, and records R, where a record
is a finite-domain partial function 0:X—V mapping keys from K
to values from V, and we adopt the following definition:

Definition 2.4 (Property Graph [1]). A property graph is defined
as a tuple PG = (N, E, p, A, r) where :

e N is a finite set of nodes;

o E is a finite set of edges such that NN E = @;

e p:E— (N XN) is a total function mapping edges to ordered
pairs of nodes;

e 1: (NUE) — 2£ is a total function mapping nodes and edges
to finite sets of labels (including the empty set);

e 1:(NUE)—R is a function mapping nodes and edges to records.

We show an example PG in Figure 2c, associating an identifier with
every node and edge and employing consistent typographic con-
ventions. For example, d; is the identifier for the node representing
the Computer Science department, Department is its only label, and
name and iri are its properties. This PG is a translation of the RDF
graph shown in Figure 2a. Therefore, it contains iri as one of the
properties in the nodes.

PG-ScHEMA [1] is a recent standardized proposal for schema
definition of property graphs. PG-ScHEMA consists of two main
components: PG-TypEs and PG-KEeys [2]. The former defines node
types based on allowed label and content combinations, edge types
based on allowed label, content, and endpoint type combinations,
and graph types based on the types of nodes and edges present in the
graph. The latter focuses on enforcing constraints on the typed data,
which includes integrity constraints, such as keys, participation, and
cardinality constraints. PG-SCHEMA supports inheritance between
PG-TypESs to define hierarchies and allows intersections and unions
for content types. Content types are the data types that schemas
can support for nodes and edges [1]. Hence, content types describe
attributes assigned to PG-TYPEs, e.g., a node property of type ‘name’
can be defined using the content type ‘string’, while an edge might
include the property ‘since’ taking values of type ‘date’. It also

Kashif Rabbani, Matteo Lissandrini, Angela Bonifati, and Katja Hose

supports defining abstract node types. PG-TYPESs can be open or
closed, allowing or restricting the addition of new subtypes. For the
formal definition, we follow the original definitiong of PG-SCHEMA
mainly focusing on PG-TypEs and later defining PG-KEeys [1]. We
define a formal base type as pair (L, R), where LC L and RCR and
T represent the set of all formal base types.

Definition 2.5 (PG-Schema). A PG schema Spg = (Ns, Es, vs, 115,
¥s, Ks) consists of the following components:

e Ng: A disjoint set of node type names;

e Eg: A disjoint set of edge type names;

o vs: Ng — 27 A function mapping node type names to sets of
formal base types 7;

o 515 : Es — 27X7X7; A function mapping edge type names to
tuples of source node type, target node type, and edge type;

e y5: Ng — 2Ns: A function mapping node type names to sets of
other node types to form type hierarchies;

o Ks: A set of PG-KEYs expressions defining constraints.

For brevity, we refer to the elements of Ng and Eg as node and
edge types rather than node and edge type names. Here, vs speci-
fies the properties or attributes that nodes of each type can have;
ns defines the allowed connections between nodes; ys is used to
define hierarchies between node types; and, Ks includes PG-KEys
expressions of the form [FOR| p(x) <qualifier> q(x, 7), where a
<qualifier> specifies the kind of constraint (such as uniqueness,
participation, and cardinality) while p(x) and g(x, §) are queries.
We present an example PG-ScHEMA in Figure 2d. Each circled
node represents a node type with properties as key-value pairs in a
rectangular box. For instance, Person is a node type that must have
a single, required property called name with a data type of String.
Graduate Student (GS) is a node type that inherits the key-value
property regNo from the Student node type and has an edge type
property takesCourse, which can be of type String or Graduate
Course (GC). Inheritance between node types is represented using
dotted arrows, for example Graduate Student (GS) is derived from
Student, which in turn is derived from Person, thus forming a
hierarchy of node types. The cardinality of an edge is represented
as a pair [min, max] on top of it, e.g., a node type GS must have at
least one takesCourse edge represented as [1.*]. Additionally, PG-
ScHEMA introduces two graph-type options: STRICT and LOOSE,
providing different levels of adherence to the defined schema. We
use slightly different but connected notions, called conformance and
typings, to deal with strict and loose graph-type options as follows:

Definition 2.6 (PG-Schema Semantics). Given property graph
PG=(N,E, p, A, 7) and its PG-Schema Spg = (Ns, Es, s, s, ¥s),
anode neN conforms to a node type 7€Ng, and we write n}=r, if
it conforms to a formal base type in vg(7). Further, an edge ecE
conforms to an edge type oc€Eg, and we write el=o, if for the pair
(v1,v2)=p(e) there is a triple (t1, t, t2)€ns (o) such that v1 conforms
to t1, e conforms to ¢, and v conforms to ;. Finally, a property
graph conforms to its schema (PG |= Spg) if every element in PG
conforms to at least one type in Spg.

Following the semantics of PG-ScHEMA [1], conformance indicates
the extent to which the data in PG is compliant with the rules
defined in the form of types and keys. The typing of PG w.r.t. Spg
is the mapping T: NUE — 25 U 2Ns for all veN and e€E defined
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as T(v)={reNg|vl=r}, T(e)={rcEs|el=r}. Hence PG | Spg if T
only maps to non-empty sets.

3 TRANSFORMATION CHALLENGES
AND PROPERTIES

We divide the problem of transforming an RDF Knowledge Graph
G to the corresponding property graph PG into two sub-problems,
i.e., the problems of schema transformation and data transformation.
We formally define these problems as follows:

PROBLEM 1 (SCHEMA TRANSFORMATION). Given the shape schema
S of an RDF graph G, the problem of transforming Sg to a corre-
sponding PG-ScHEMA Spg requires to generate the pair (Spg, Fst),
where Fg; : Sg—Spg is a schema transformation function that maps
node and property shape constraints of S to PG-Types and PG-Keys
in Spg such that Spg encodes all and only the constraints of Sg.

PrOBLEM 2 (DATA TRANSFORMATION). Given G, Sg, Spg, and
Fst, the data transformation from G to PG is the problem of generating
the pair (PG, Fy;), where Fyg; [ Fs;:G—PG is a function mapping all
nodes neN and edges ecE in G into elements of a property graph PG
using the mapping between Sg and Spg provided by Fs;, such that
the resulting PG conforms to Spg, i.e., PG = Spg.

3.1 Transformation Properties

The literature identifies a set of desirable properties for a graph
data transformation [37], namely: information preservation, query
preservation, semantic preservation, and monotonicity.

Information preservation ensures that there exists a way to re-
cover the original information in G and its schema definition from
the graph produced by the translation process.

Definition 3.1 (Information preservation). Fg; is an information
preserving data transformation function, if there exist computable
mappings M:PG—G from the transformed property graph PG to
the original RDF graph G, and N:Spg—S¢ from the transformed
PG-ScHEMA to Sg.

Note that mappings M and N are computable if and only if there
exist algorithms that, given G and Sg, compute M(G) and N (Sg).

The transformation is said to be query preserving, if it guarantees
that any query over the source graph can be evaluated over the
transformed graph and produces the same result [37]. We consider
Cypher [18] as the target query language, and, following the litera-
ture [37], given G and a SPARQL query Q over G having its results
11, we define a function ¢r(u) to convert the values of variables re-
turned in the SELECT clause of the SPARQL query Q to equivalent
values supported by a Cypher query, s.t. IRIs and blank node ID
values are converted to equivalent string representations. Thus, we
formally define query preservation as follows:

Definition 3.2 (Query preservation). Given shape schema Sg and
PG-scHEMA Sp;=Fs;(Sg), the schema transformation function Fg;
and the data transformation function Fj;; are query preserving if for
every query Q over any RDF graph instance G’ [=Sg, there exists
a query Q* such that for the resulting PG instance PG’=Fy,(G) it
holds that tr([Q] 6/ )=[Q*]pg’, where [Q] 5+ denotes the result of
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evaluating the SPARQL query Q on G’ and [Q*]pg’ denotes the
result of evaluating the Cypher query Q* on PG’.

Further, when considering the constraints defined by the shape
schema over the source RDF graph, we require a set of equivalent
constraints expressed as PG-scHEMA to be enforced also on the
transformed target property graph. In this context, and according
to the literature [37], such transformation is called semantics pre-
serving. Thus, this work focuses on the semantics of the constraints
that dictate the “schema” of the graph and we do not consider more
expressive ontological definitions. We define it as follows:

Definition 3.3 (Semantics preservation). Fy, is a semantics pre-
serving data transformation function if given a Sg, any G that
satisfies S is translated to a PG satisfying Spg, and any instance
of G not satisfying Sg is translated to a PG not satisfying Spg, i.e., if
G E Sg. then F4;(G) | Spg, and if G | Sg, then F;(G) = Spg.

Finally, a transformation is monotonic if - when new data is added or
deleted - only the corresponding data in the target graph is affected,
i.e,, there is no need for re-computing the entire transformation [37].
To this end, we extend a previous definition [37] as follows:

Definition 3.4 (Monotonicity). A data transformation function Fy;
is monotonic if, for any given pair of instances S1|=Sg and S2 =S¢,
with S1CS2, given Sp = S2\S1, it holds that Fy;(S1)CFy;(S2) and
Fgr (S2)=Fq; (S1)UFg;(Sa)-

4 STANDARDIZED SHACL SHAPES-BASED
PG TRANSFORMATION

We propose S3PG to transform an RDF graph G into a property
graph PG using shape schema Sg and PG-ScHEMA Spi. We first
provide schema transformation rules and then data transformation
rules that exploit the transformed schema. We will use the example
graphs shown in Figure 2 to explain each step of the transformation.

4.1 Schema Transformation

We summarize the alternative types of constraints a graph shape can
enforce (as described in the SHACL core constraint components [42]
and Definition 2.2) in the taxonomy depicted in Figure 3. A node
shape can have a node kind, which can either be a single type or
multiple types. Each property shape requires the definition of a
property or property path and can have cardinality constraints
(either a minimum or maximum count) and a node kind. For every
shape defining a node kind, the choice is between enforcing a Single
type constraint or allowing Multiple Types.

Our taxonomy is exhaustive of all core options required to en-
force typical constraints of practical interest. The conversion of a
larger set of constraints expressible in SHACL is outside the scope
of this work, especially since, as we will see later, already expressing
this subset presents non-trivial challenges that existing techniques
are not able to overcome and also pushes the boundaries of the set
of constraints that the current PG-ScHEMA definition can express.
Therefore, for each entry in the taxonomy, we define how that type
of constraint is transformed into PG-ScHEMA with PG-TypEs and
PG-KEYs (as a solution to Problem 1). To explain each transforma-
tion, we will use syntactical examples from the SHACL schema
shown in Figure 2b and the PG-ScHEMA shown in Figure 2d.



SIGMOD-Companion ’25, June 22-27, 2025, Berlin, Germany

Node Shape
(sh:NodeShape)
!

1
Property Shape
(sh:PropertyShape)
!

'
Node Type
(sh:node | sh:targetClass)

{
Property Path

(sh:path)

1
Node Kind
(sh:nodeKind)
_r

I
Cardinality
(sh:minCount | sh:maxCount)

¥ K Heten;geneous
Literal Non-Literal N |
(sh:Literal) (sh:IRI) v N
Literals Non-Literal
{sh:Literal, ..}  {sh:IRL ..}

B

Literals & Non-Literals
{sh:Literal, sh:IRI, .. }

Figure 3: Taxonomy of Node Shape constraints

Node Shape. A node shape defines its type using sh:targetClass
or sh:node attributes and associates properties using sh:property.
Figure 4 (a,b) show node shapes of shape:Person and shape:Student
in SHACL syntax. The shape:Person has a target class :Person and
a property shape for :name property with data type string and a
min/max cardinality of [1,1]. The shape:Student has a target class
:Student and one property shape for :regNo property with data type
string and a min/max cardinality of [1,1]. And, shape:Student in-
herits properties and constraints of shape:Person through sh:node.

To transform those shapes into PG-ScHEMA, a node shape with
a specified sh:targetClass value is converted to a Node Type in PG-
ScHEMA. An sh:node value expressing a hierarchy is converted into
the inheritance between node types using the & operator. Hence,
the node shapes shape:Person and shape:Student are transformed
to node types personType and studentType. The transformed PG-
ScuEMA for the node shapes in Figure 4 (a,b) is shown in Figure 5
(a,b). Property shapes expressed with sh:path instead are trans-
lated into properties or Edge Types based on their data types and
cardinality constraints.
Property Shape. A node shape can have one or more properties,
e.g., both node shapes shown in Figures 4a and 4b contain one
property shape each, that is, :name and :regNo, respectively. The
taxonomy in Figure 3 shows that a property shape defines its path
using sh:path, its cardinality using sh:minCount or sh:maxCount
and the kind of target node using sh:nodeKind. The cardinality
constraints are converted based on both the min/max count limit
they impose as well as the value of sh:NodeKind.

Cardinality Constraints. The value pair [min,max] expresses
the cardinality constraints as shown in Table 1 with all possible

Table 1: Cardinality constraints and PG-ScHEmMA

Constraint ‘ Description ‘ PG-ScHEMA Syntax

[0...] optional property {OPTIONAL name: STRING ARRAY {}}
[0...1] optional but the maximum number of | {OPTIONAL name: String }
properties can be 1
optional but the maximum number of | {OPTIONAL name: STRING ARRAY {@,N}}
properties can be up to N where N > 1
[1...1] mandatory property

[0...N]

{name: String }

[1...N] at least one mandatory and can have up | {name: STRING ARRAY {1, N} }
to N number of properties where N > 1
[M...N] at least M mandatory and can have up | {name: STRING ARRAY {M, N} }

to N number of properties where M > 1
and N > 1
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options. We convert them into PG-ScHEMA according to the type
of node of the object to which they are connected. For example,
a cardinality of [1,1] associated with a Literal target expresses a
mandatory property. We transform it into a property in PG-SCHEMA,
as in the example conversion of shape:Person and shape:Student
node shapes (Figure 4a, 4b) to PG-ScHEMA (Figure 5a, 5b).

Property shapes can have a single or multiple types, correspond-
ing to literal(s) or non-literals(s). S3PG is designed to handle all
kinds of nodes having single or multi-type literal or non-literal
values.

Node Kind: Single Type (Literal). When transforming a single
type node literal (sh:Literal), e.g., for property shapes having path
:name and :regNo from Figure 4a and 4b, cardinalities strongly
impact the transformation. In our example, the min/max cardinal-
ity constraints signal a mandatory property, so property shapes
for :name and :regNo properties are transformed into a key value
property of personType in PG-ScHEMA (Figure 5a, 5b). Instead, a
minimum cardinality value of 0 would imply an optional key-value
pair property, while a max-count value >1 would require a key-
value pair property where the value is an array of values. In Table 1,
we provide all the possible minimum and maximum cardinality
pairs with descriptions and conversion to PG-SCHEMA when ap-
plied to a single type literal attribute such as for property shape of
:name property in shape:Person node shape from Figure 4a.

Single Type (Non-Literal). A single type node can be of non-
literal type defined using the sh:IRI attribute. Figure 4c illustrates
the node shape of a Professor with a single non-literal type prop-
erty having path :worksFor with thw expected value to be of type
:Department. Such property shapes are transformed into edge types
specifying the type of source and target nodes. For example, in PG-
ScHEMA, we create the edge type worksForType connecting the two
corresponding converted node types, expressed using ASCII-art for-
matting ( )-[ 1->( ) [18]. The cardinality of the edge is translated us-
ing PG-KEYS to FOR p(x) <qualifier> q(x, ), which allows <qualifier>
to be expressed in the form of COUNT <lower bound>?. .<upper bound>?
OF, expressing that the number of distinct results returned by g(x, 7))
must be within the range. For this particular property, given its
cardinality [1,1], the upper and lower bounds are set to 1, as shown
in the transformed PG-ScHEMA Figure 5c.

Multi Type (Literal). Some properties may be allowed to link
to literal values of multiple types. For example, the property shape
for :dob property in Figure 4d can link to three types of literal
values: xsd:string, xsd:date, and xsd:gYear. S3PG transforms those
into node types for each possible data type, along with their IRIs,
and creates an edge type with the base and target node types (as
shown in Figure 5d). Therefore, the values for these literal types
are encoded as node types in the target graph instead of key-value
properties. This is required because arrays of property values can
contain only homogeneous types. The cardinality is then translated
in the same way, using PG-KEYs as previously mentioned.

Multi Type (Non-Literal). Here, we illustrate transformation
of property shapes that include multiple kinds of non-literal values.
In Figure 4e, the property shape for the :advisedBy property can
have three possible types of non-literal (sh:IRI) values, i.e., :Person,
:Professor, and :Faculty. This means that a student is advised by
a node that can be of type professor, faculty member, or person.
This case is translated to edge types that can accept alternative
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shape:Student
rdf:type
sh:property

shape:Person
rdf:type
sh:property

sh:NodeShape;

sh:NodeShape;
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shape:Professor

rdf:type sh:NodeShape;

[ sh:path :name;
sh:nodeKind sh:Literal ;
sh:datatype xsd:string;

[ sh:path :regNo;
sh:nodeKind sh:Literal ;
sh:datatype xsd:string;

sh:minCount 1; sh:minCount 1;
sh:maxCount 1 ] . sh:maxCount 1

sh:targetClass :Person.
sh:node

(a) Person node shape with :name property shape

7.

sh:targetClass :Student;
shape:Person.

(b) Student Node Shape with :regNo property shape

shape:Person rdf:type

sh:property

[ sh:path :dob ;
sh:or

(

sh:NodeShape;

[ sh:NodeKind
sh:datatype
[ sh:NodeKind
sh:datatype
[ sh:NodeKind
sh:datatype

sh:Literal ;
xsd:string ; ]
sh:Literal ;
xsd:date ; 1
sh:Literal ;
xsd:gYear ; ]

H
sh:minCount 1 ] .
sh:targetClass :Person.

(d) Person node shape with :dob property shape

(personType: Person {name STRING})

(a) Person Node type with name property

(studentType: Student {regNo STRING}),
(studentType: studentType & personType).

(b) Student Node Type with regNo property and
inheriting name property from Person Node Type

shape:Student rdf:type
sh:property
[ sh:path

sh:NodeShape;

:advisedBy;
sh:or
(
[ sh:NodeKind sh:IRI ;
sh:class :Person ; ]
[ sh:NodeKind sh:IRI ;
sh:class :Professor ; ]
[ sh:NodeKind sh:IRI ;
sh:class :Faculty ; 1]
)3

sh:minCount 1 ] .
sh:targetClass :Student .

(e) Student node shape with :advisedBy property shape

Figure 4: SHACL Shapes Examples

(professorType: Professor {} )

(departmentType: Department {} )

(:professorType) - [worksForType: worksFor] ->

(:departmentType)

FOR (p: Professor) COUNT 1..1 OF u WITHIN (s)-

[:worksFor] -> (u: Department)

(c) Professor and Department Node Types
with worksFor Edge Type

(personType: Person { name: String } ) (personType:
(facultyType: Faculty ) (courseType:
(professorType: Professor { name: String } ) (graduateCourseType:
(graduateStudentType: GraduateStudent ) (graduateStudentType:
(stringType:

CREATE EDGE TYPE (:GraduateStudentType)
- [advisedByType: advisedBy
{ iri: "http://x.y/advisedBy" }]
-> (:personType |:professorType |:facultyType)

FOR (g: GraduateStudent) COUNT 1.. OF T FOR
WITHIN (g)-[:advisedBy]
-> (T: {Person | Professor | Faculty}) ->

(e) Person, Faculty, Professor, GraduateStudent
Node Types with advisedBy Edge Type

Person { name: String } )
Course { name: String } )
GraduateCourse { } )
GraduateStudent )

STRING {iri: "http:.#string" })

sh:property
[ sh:path :worksFor;
sh:NodeKind sh:IRI ;
sh:class :Department ;
sh:minCount 1;
sh:maxCount 1 ] .
sh:targetClass :Professor.

(c) Professor node shape with :worksFor

property shape

shape:GraduateStudent rdf:type sh:NodeShape;
sh:property

[ sh:path :takesCourse ;
sh:or
(
[ sh:NodeKind sh:IRI ;
sh:class :Course ; ]

[ sh:NodeKind sh:Literal ;
sh:datatype xsd:string ; ]

[ sh:NodeKind sh:IRI ;
sh:class :GradCourse ; ]

)

sh:minCount 1 ] .
sh:targetClass :GraduateStudent .

(f) Graduate Student node shape with

:takesCourse property shape

(personType: Person { name: String } )

(stringType: STRING { iri: "http:.#string" })
(dateType: DATE { iri: "http:.#date" 13
(gYearType: YEAR { iri: "http:.#gYear" 1

CREATE EDGE TYPE (:PersonType)
- [dobType: dob { iri: "http://x.y/dob" }]
-> (:gYearType | :stringType | :dateType)

FOR (p: Person) COUNT 1.. OF T
WITHIN (p)-[:dob]-> (T:{YEAR |STRING | DATE})

(d) Person, String, Date, Year Node Types
with dob Edge Type

(personType: Person {name STRING}),
(studentType: Student {regNo STRING}),
(studentType: studentType & personType),
(stringType: STRING {iri: "http:.#string"})
(intType: INTEGER {iri: "http:.#integer"})

CREATE EDGE TYPE (:PersonType)
- [nameType: name

(u: UnderGraduateStudent) COUNT 1.. OF T
WITHIN (u)-[:takesCourse]
(T: {String | Course | GraduateCourse})

(f) Person, Course, GraduateCourse, GraduateStudent,
String Node Types with takesCourse Edge Type

{ iri: "http://x.y/name" }] -> (:stringType)

CREATE EDGE TYPE (:GraduateStudentType)
- [takesCourseType: takesCourse
{ iri: "http://x.y/takesCourse" }]
-> (:stringType | :courseType | :graduateCourseType)

CREATE EDGE TYPE (:PersonType) - [regNoType:
regNo { iri: "http://x.y/name" }] ->
(:stringType | :intType)

FOR (p: Person) COUNT 1..1 OF T
WITHIN (p)-[:name]->(s: STRING)
FOR (p: Person) COUNT 1..1 OF T
WITHIN (p)-[:regNo]->(T: {STRING | INT})

(g) Monotone PG-Schema for Person and Student
Node Types with name and regNo Edge Types

Figure 5: PG-ScHEMA Examples

node types as targets, assuming that those target node types have
already been instantiated (as shown in Figure 5e).

Multi Type (Literals & Non-Literal). Some property shapes can
further allow to link at the same time to both literal and non-literal
(IRT) targets. For example, the property shape for :takesCourse
property in Figure 4f can take values of three types: :Course, :Grad-
Course, or simply xsd:string. The first two are non-literal, while
the last one is of literal type. This means that a student can possibly
take a course that is represented by just a title and not a proper in-
stance of a particular class like :UnderGradCourse or :GradCourse.
The transformation of such property shapes is done in a consistent

manner by creating node types also for non-literal types as shown
in Figure 5f in the PG-ScHEMA defining stringType. This is required
to ensure that any cardinality constraint is also properly enforced.
Hence, in the transformed PG-ScHEMA (Figure 5f) for this exam-
ple has an edge type for the :takesCourse property defined using
the base type graduateStudentType and target types courseType,
gradCourseType, and stringType.

4.1.1 Schema Monotonicity. The S3PG schema transformation
described above follows a parsimonious model, as it takes advantage
of cardinality constraints and encodes single value properties as key
values within nodes anytime that is possible. Such parsimonious
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transformation is suitable for graphs with schemas that do not
experience structural changes or that always have single types
or homogeneous properties. As described below, when the schema
does not change, our graph data transformation (which introduce
below) is monotonic by construction. However, when dealing with
graphs having schemas that often evolve and go through structural
modifications, such as the addition or removal of properties and
change of data types of properties, this solution will not be able to
adapt and thus preserve monotonicity when, for instance, single-
value properties become multi-value properties during evolution.
That is, we may requite to re-convert properties of nodes already
converted. To support graphs that have an evolving schema, we
also propose an alternative non-parsimonious model to ensure that
the transformation is schema monotone.

To address changes that would break monotonicity, S3PG fol-
lows a non-parsimonious approach and models all properties as
multi-type literal and non-literal properties as described above. We
call this type of transformation non-parsimonious because it forces
to instantiate both edges and nodes also for key-value pairs that
could instead have been simply encoded as properties within a
node record. We use the shape schema in Figure 4b as an example
to demonstrate this. Assume that the property shape for :regNo of
node shape shape:Student allows values of type xsd:integer in addi-
tion to strings. In this case, S3PG non-parsimonious transformation
models all properties of type Person and Student node shape as
edge types, allowing for the addition of more data types for the
target node type in udpates happening after a first transformation
process has concluded. The monotonic PG-ScHEMA for the shape
schema of Figure 4b is presented in Figure 5g.

4.2 Data Transformation

Similar as for the schema transformation, S3PG offers two alter-
natives of the data transformation as well: parsimonious and non-
parsimonious. The main difference between both types of trans-
formation approaches lies in the way single value properties are
modeled in the PG data model. In case of the parsimonious ap-
proach, depending on the cardinalities of the properties, S3PG tries
to represents the data as key value attributes within nodes when-
ever possible. In case of the non-parsimonious approach, S3PG opts
for modeling all properties data as nodes to accommodate structural
changes in the future, and in doing so preserves monotonicity of
the transformation.

Transforming an RDF graph G into a property graph PG using
PG-ScHEMA Spg (created by transforming the shape schema Sg
of G in Section 4.1) requires processing its triples and analyzing
the types of nodes involved both as subjects and objects in those
triples. At a high level, at first, we need to know all the entities
and their types and then their property information to create PG
conforming to Spg. We propose a two-phase algorithm as a solution
to Problem 2 in Algorithm 1, which in the first step extracts entities
and transforms them into nodes in PG, and then parses the property
related information to create edges and attributes in PG.

The algorithm takes G in the form of file F and the PG-ScHEMA
Spg as inputs and reads F triple by triple to process the stream
of triples (s, p, 0) (Line 4 ff.). In the first phase, it extracts entities
and their types into the W;q map (Lines 6-7) and then iterates over
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entities in Weq to create PG nodes (Line 8 ff.). This is done by ini-
tializing nodes (Line 9) by assigning labels as types of entity e.T
such that each node and its assigned labels comply with N; in Spg
(Line 11), encoding the IRI of each entity as a key value within the
node (Line 13), and adding the node to the set of nodes N in PG
(Line 14). Considering the RDF graph in Figure 2a, the algorithm
parses entities :bob, :alice, and :DB with their types {:Person, :Stu-
dent, :GS}, {:Person, :Faculty, :Professor}, and {:Course, :GC}, and
creates PG nodes with labels and types, as shown in Figure 2c.

Now that the nodes N € PG are created using the entity data
from G, in the second phase the algorithm extracts the property
data of each entity to create edges E € PG. Specifically, it iterates
over triples (s, p,0) € G (Line 15 ff.), such that for every non-type
triple ¢, initiall, it evaluates if t.0 exists as node type in the set of
nodes N € PG, which means that t.0 is a non-literal value (IRI)
having type T in N5 € Spg (Line 16). In affirmative cases, it uses the
function p € PG to create an edge between nodes corresponding to
t.s and t.0 in N. Hence, it uses Spg to find out how ¢.p edge should
be modeled in PG, i.e., if node labels t.s and t.0 are in the set £
specified by t.p edge in Spg. If Spi assures compliance of both
source t.s and target .o nodes for ¢.p, an edge is initialized for ¢.p on
line 19 using function p (Line 20). Continuing with the example, the
algorithm now extracts non-type triples t;: (:bob, :regNo, ‘Bs12’)
and #2: (:bob, :advisedBy, :alice) and parses object values classifying
them as literals or IRIs. For IRIs such as :alice in ty, it creates an edge
between PG nodes associated with the subject and object values
using the predicate :advisedBy. For literals, such as ‘Bs12’ in t, the
algorithm checks the data type and cardinality before proceeding
to the next steps to create key values or edges in PG.

Next, it evaluates the data type and cardinality of ¢.p edge having
label L(t.s) for source node (Line 21). If it is a literal and has a
minimum cardinality 0 or 1 and a maximum cardinality 1, then t.p
is initialized as a key value edge and the function 7 is used to assign
its record value to the node corresponding to ¢.s based on the data
type of the literal value such that the type of t.s (as a label) exists in
L (Lines 22-23). Lastly, the only remaining choice for ¢.p can either
be a multi-type homogeneous property (consisting of literals or
non-literals) or a heterogeneous property (containing both literals
and non-literals) values - as depicted in Figure 3 with node kinds.
To deal with such cases, we create an edge of the appropriate type
that corresponds to a PG node with a literal label as specified in
PG-ScHEMA. Specifically, the data type and value are extracted from
t.0 and a PG node is initialized (Lines 25-27), the label is assigned
using the extracted data type in conformance with Spg (Line 28),
the value is encoded as a key value attribute within the created
node (Line 30), and finally the source node is linked to the target
node using the p function of PG (Line 31).

4.2.1 Graph Monotonicity. The S3PG data transformation algo-
rithm section follows parsimonious model. In order to preserve the
monotonic transformation property, S3PG follows non-parsimonious
model to transform RDF data into PG model. In the second phase,
Algorithm 1 (Lines 21-23), instead of storing literal properties hav-
ing cardinality (0,1) or (1,1) as key value properties within nodes
in PG, the non-parsimonious approach models them similar to the
way other properties are modeled (Lines 25-31). This way, non-
parsimonious model provides full monotonicity w.r.t. any structural
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Algorithm 1 S3PG: DATA TRANSFORMATION

Input: Graph G from File F, Spg = (N, Es, vs,7s, Vs )
Output: Property Graph PG = (N, E, p, A, )
¢ Werp = Map(T: SETTypes)
: N =[]// PG Nodes
: E=[]//PG Edges
: for t € G Atp= Type Predicate do
e:ts// entity , e; = t.o // entityType
if e ¢ Wgrp then Ypp.insert(e, ... )
Werp.insert(e, Yerp.get(e). T.add (e;))

> t < s:subject, p:predicate, o:object >

NG W =

> T : entity types

> (D Entities to PG Nodes

8: for e € ¥y1p do

9: node = initNode( )
10: // Function to add labels to nodes : A : (N U E) — 2£ (Definition 2.4)
11: A(node, £ : e.T) s.t.e.T |= (Ns € Spi) >eTe L
12: // Function to map nodes & edges to records: 7w : (N U E) — R (Definition 2.4)
13: 7 (node, initPgKey(iri)) — e.IRI
14: N.add(node)
> (2) Properties to PG KeyValues and Edges
15: for t € G A tp!= Type Predicate do

16: if t.0 € Ygrp then > t.0 exists as a node type

17: // Function to map edge to nodes: p : E — (N X N)

18: if 3 L(N(t.s) A N(t.0)) € L then

19: edge =initPgEdge(t.p ) > edge € Es
20: p(E : edge, (N(t.s), N(t.0) ) > { T (N(ts)) & T (N(t.o)) } € Ns
21: else if isLiteral(Es(t.p), L(N(t.s)) && card(Es(t.p)) €[0[1,1]) then
22: edge = initPgKey(t.p)

23: if 3 L(N(ts)) € L then 7( N(ts), edge) — t.0

24: else

25: Ot ype = extractDataType(t.o)

26: Oyalue = extractValue(t.o)

27: node = initNode( )

28: A(node, L : Ogype) st. Orype = {(Ns € Spg) } > Orype € L
29: edge =initPgEdge(t.p) > edge € E;
30: 7 (node, initPgKey(value)) — Oyalvye

31: if 3 L(N(t.s)) € L) then p(E : edge, (N(t.s), node )

changes in the schema and adapts to such changes during data
transformation.

4.2.2 Complexity Analysis. The time complexity of S3PG’s data
transformation (Algorithm 1) depends on the size of the input RDF
graph, denoted as |F| representing the number of triples in G. The
number of entities extracted from the graph |N|, and the size of
the set of allowed labels £ in the PG. The initialization of data
structures takes constant time. Iterating over the triples in the in-
put graph for entity extraction and property transformation takes
O(|F|) time, while transforming entities into property graph nodes
takes O(|N|) time. The time complexity for the property transfor-
mation, involving checks for label existence and mapping edges to
nodes, is O(|F| - L). Consequently, the overall time complexity of
the algorithm is O(|F| + |N| + |F| - L).

4.3 Transformation Properties

In the following, we show that S3PG preserves the transformation
properties defined in Section 3.

PROPOSITION 4.1. SP3G data and schema transformations are
information preserving.

Showing this proposition to be true involves providing computable
mappings [37] N (Sg) and M(G) that satisfy the condition in Def-
inition 3.1, that is, a computable mapping N (S¢) that can recon-
struct the initial shape schema from the transformed PG-ScHEMA
and M(G) that can reconstruct the initial RDF graph from the trans-
formed property graph. This is always possible since our schema
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transformation rules (Section 4.1) are invertible and the data trans-
formation process is complete, i.e., no information is discarded
during transformation, and the process is non-ambiguous, i.e., it
does preserve node identifiers and it is not possible for two different
data items to create the same node, edge, or property.

PROPOSITION 4.2. SP3G transformations are semantics preserving.

The validity of this proposition is based on the semantic preser-
vation properties of the schema transformation function Fs; and
then of the data transformation function Fj;. At the base of this
proposition is the fact that our transformation rules identify a way
to encode each and all the relevant RDF shape constraints into
equivalent PG schema constraints.

Given Sg having a set of node shapes (s, 75, &s) € Sg and Spg
for the output PG. The schema transformation function F;; trans-
forms S¢ into Spg: Fs:(Sg) = Spi. Consider an arbitrary prop-
erty shape constraint C of a node shape in Sg. By definition, Fs;(C)
maps C to a corresponding constraint in Spg. We aim to prove that
Fs; (C) preserves the semantics of C. Let I be any RDF data instance
such that I=C for C in Sg. We need to show that Fg;(I)[EFs (C)
in the PG-ScHEMA (Spg). Since I | C, it implies that C is satisfied
by I according to the semantics of Si (see Definition 2.3). By the
definition of Fs;, Fs;(I) should satisfy Fs;(C) in Spg to preserve se-
mantics. This shows that, for any instance I |= C, F;(I)[EFst (C) in
Spg, preserving the semantics of the individual constraints. There-
fore, the entire Spg preserves the semantics of Sg.

We then establish in a constructive way that both transforma-
tions Fg; and F; are semantics preserving. Given a valid RDF graph
instance I€G where I|=Sg, we have the data transformation func-
tion Fy;(I)=P, and P€PG. Then, having F;; (I)=P we obtain P that
conforms to the constraints specified in Spg, i.e., P = Spg. Let
Cpg represent any constraint in Spg, and let Cspqp, represent the
corresponding constraint in Sg based on the schema transforma-
tion (Fs;) mapping. Now, consider an instance I’ € P that satisfies
Cpg- We need to show that I’ also satisfies Cspqpe- Since I' | Cpg,
it implies that Cpy is satisfied by I’ according to the semantics
defined in Spg (see Definition 2.3). By the definition of Fs, Cpg
corresponds to Cgpgpe in Sg. Therefore, I satisfies Cgpgpe as well
in the original RDF graph G. Since this holds true for any constraint
Cpgin Spg, it follows that P conforms to the constraints specified in
Spi: P | Sp. Hence, the data transformation method F; (I) is by
construction designed to preserve the semantics of the RDF graph
instances, ensuring that the resulting property graph P conforms
to the constraints in Spg.

PROPOSITION 4.3. SP3G transformations are monotonic.

Monotonicity refers to the property that incremental changes to
the RDF graph and its schema result in consistent and predictable
updates to the property graph and its schema, preserving existing
data and structure without requiring the re-computation of the en-
tire transformation [37]. Our implementation is monotonic because:
if the schema Sg does not change (thus also the cardinality con-
straints remain the same), we incrementally convert the data in Gx,
by only adding new edges, new attributes, or new attribute values.
This ensures that Fy; (G')=Fg; (G)UF4;(Gy), where G'=GUG rep-
resents the RDF graph after applying changes Go. When new types
and constraints are added to Sg, e.g., new property shapes, the
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non-parsimonious encoding allows us to add new constraints to
S and update only the cardinality constraints involved in the up-
date, without altering all the others. This ensures that, in addition
to the above, we also have F; (Sé)st;(SG) U Fs;(Sg, ), where
S;=86YSg, represents the shape schema after applying changes
S, - This is fundamental for handling heterogeneous literal and
non-literal attributes as they do not require to delete existing at-
tributes but only add the new ones with edges and nodes.

Once the transformation of G into PG is completed, we can also
transform queries over G. Let Fg; be a query translator function
to translate a SPARQL query Q over G into Q” over PG. In S3PG,
Fgt can make use of Spg to translate Q into Q” as PG [ Spg.
We use various queries on DBpedia [6] in Section 5 to empirically
demonstrate that the results R obtained by executing an example
query Q over G and R’ obtained by executing a translated query
Q’ over PG are identical, meaning that R C R” and " C R.

The correctness of S3PG is established by proving its information
preservation and semantics preservation properties. Information
preservation is ensured through computable mappings N (Sg) and
M(G), along with Fs;, which ensures the reconstruction of the
initial shape schema from the transformed PG-Schema and F;,
which ensures the reconstruction of the initial RDF graph from the
transformed PG. Semantics preservation is demonstrated by show-
ing that both schema and data transformation methods maintain
the semantics of the original RDF graph and shape schema. Thanks
to the fact that any RDF graph can be mapped to an equivalent prop-
erty graph, and thanks to the mapping we established between the
SHACL schema and the PG schema, our conversion preserves such
properties. Further, it offers guidance on how to convert queries
between data models to enable testing query equivalence.

5 EXPERIMENTAL EVALUATION

We assess the effectiveness of S3PG and demonstrate its effective-
ness and efficiency compared to existing methods.

Datasets. We chose two versions of DBpedia [6] (one from De-
cember 2022 and an earlier version from 2020) and the Bio2RDF
Clinical Trials (CT) [8] dataset for experimentation. The DBpedia
datasets containing up to 332 million triples allow us to test the
scalability of S3PG and Bio2RDF CT dataset containing 132 mil-
lion triples allows us to thoroughly explore a domain-specific RDF
graph. The statistics and characteristics of these notably very large
and non-trivial datasets are presented in Table 2.

Experimental Setup. S3PG is implemented in Java-17 (source
code and experimental settings are available at https://github.com/
dkw-aau/s3pg). We conducted all experiments on a single machine
with 16 cores and 256 GB RAM, running Ubuntu 18.04. Among
existing SHACL extraction techniques [9, 13, 17, 25, 30-33] from
RDF graphs, we used [33] to extract SHACL shapes for each dataset
to transform them into PG-ScHEMA. We compare S3PG with the
two state-of-the-art graph transformation approaches: NeoSeman-
tics [28] and rdf2pg [5], which output PGs as Neo4j [26] instance.

Metrics. We evaluate the performance of S3PG by measuring
the time it takes for schema and data conversion, the maximum
memory usage, and the time needed to load the transformed graph
into a PG DBMS. We further demonstrate the necessity of the
S3PG transformation technique by evaluating the quality of the
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PGs created using S3PG and other methods on DBpedia2022. This
evaluation involves executing a set of queries on both the original
and transformed graphs and then measuring the accuracy based
on the completeness of the query results.

We also analyze the effect of the transformation from RDF to PG
on query runtime by executing these queries on the source RDF
graphs and transformed PGs. Additionally, we demonstrate that
S3PG is monotonic with respect to schema and graph changes by
using the two DBpedia datasets. Finally, we show that S3PG pre-
serves the semantics, i.e., all the integrity constraints, by executing
a set of queries to ensure that the same integrity constraints hold
over both the source and transformed graphs.

5.1 Transformation Analysis

We perform an analysis of the transformations of the RDF graph
datasets using three distinct techniques: S3PG, NeoSemantics [28],
and rdf2pg [5]. Table 4 presents the transformation and loading
times for these techniques applied to the aforementioned datasets.
NeoSemantics. NeoSemantics is an extension of the Neo4;j
database, implemented in Java. It enables users to configure various
transformation parameters, such as how to handle multivalue prop-
erties, vocabulary URIs, and RDF types during transformation [27].
NeoSemantics leverages Neo4j’s internal libraries to transform
and map data by loading it into Neo4j. Consequently, when us-
ing NeoSemantics, it is not possible to differentiate between the
transformation and loading times. As depicted in Table 4, NeoSe-
mantics successfully transformed and loaded DBpedia2020 in 38
minutes, DBpedia2022 in 5.5 hours, and Bio2RDF CT in 1.3 hours.
All these transformations adhere to a 32 GB memory limit.
rdf2pg. The rdf2pg transformation approach offers three dis-
tinct mapping types for converting an RDF graph to a PG: simple in-
stance mapping, general database mapping (schema-independent),
and direct database mapping (schema-dependent). Here we con-
sidered the schema-dependent direct mapping variant. It is imple-
mented in Java and its source code is accessible on GitHub [34].
It outputs PG graphs in YARS-PG [39] serialization format, and
it also provides a Neo4)Writer module for transforming it into a
set of Cypher queries for loading into Neo4j. However, loading a
property graph into Neo4j using Cypher queries is only suitable
for small graphs. To mitigate this, we enhanced Neo4)Writer to
produce the graph in CSV format, which significantly improved
its loading efficiency. As outlined in Table 4, rdf2pg accomplished
the transformation and loading of DBpedia2020 in 23 minutes, DB-
pedia2022 in 2.6 hours, and Bio2RDF CT in 1.1 hours. Notably,

Table 2: Size and characteristics of the datasets

DBpedia 2020 DBpedia2022 Bio2RDF CT

# of triples 52M 332 M 132M
# of objects 19M 101 M 54 M
# of subjects 15M 34 M 10 M
# of literals 15M 49M 48 M
# of instances 5M 22M 10 M
# of classes 427 775 65
# of properties 1,323 51,146 168
Size in GBs 6.6 45 25
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Table 3: SHACL Shapes Statistics of DBpedia (2020 & 2022) and Bio2RDF datasets

‘ #of  #of ‘ # of Single  # of Multi ‘ Single Type PS ‘ Multi Type Homo PS ‘ Multi Type Hetero PS

‘ NS Ps ‘ Type PS Type PS ‘ Literals Non-Literals ‘ Literals Non-Literals ‘ Literals & Non-Literals
DBpedia 2022 746 622,237 206,735 415,502 383,355 14,830 75,129 31,563 100,043
DBpedia 2020 | 426 12,354 3,452 8,902 5,337 2,069 0 3,452 0
Bio2RDF CT 65 891 292 599 387 64 93 196 3

Table 4: Analysis of Transformation (T) and Loading (L) times
in minutes (m) and hours (h)

DBpedia 2020 DBpedia2022 Bio2RDF CT
T L Sum | T L Sum | T L Sum
S3PG 3m 9m 12m |34m 12h 17h|16m 26m 42m
rdf2pg 15m 8m 23m | 1.6h 58m 26h|45m 21m Llh
NeoSem - - 38m| - - 55h | - - 13h

rdf2pg required more RAM compared to NeoSemantics due to its
in-memory transformations. Nevertheless, all transformations were
completed within a maximum memory limit of 64 GB.

S3PG. The S3PG algorithm proved to be more effective than
other methods in the execution of schema and data transformations,
mainly due to its two-pass data transformation algorithm. When
considering the overall transformation and loading time, S3PG
achieved better results by transforming and loading DBpedia2020
in just 12 minutes, DBpedia2022 in 1.7 hours, and Bio2RDF CT in
42 minutes. Similar to NeoSemantics, S3PG successfully conducted
all transformations while staying within a 32 GB memory limit.

Statistical Analysis of the Transformed Graphs. The PGs
produced by S3PG contain 50% more nodes and edges than those
transformed with NeoSemantics and rdf2pg (Table 5). These num-
bers are expected given the shapes statistics in Table 3, which shows
that DBpedia2022 contains more than 75k multi-type homogenous
literals and 100k multi-type heterogeneous property shapes. S3PG
models values of such properties as nodes instead of treating them
as strings and storing them in an array as key values, which leads
to the creation of a larger number of nodes and edges.

5.2 Quality Analysis
We assess the quality of the PGs created by S3PG and other existing

transformation methods by evaluating the precision of responses
to a series of queries on DBpedia2022 and Bio2RDF. We formulated

Table 5: Transformed Graphs (PG models) Stats: M denotes
millions; NeoSem abbreviates NoeSemantics.

‘ # of Nodes # of Edges # of Rel Types

DBoedia | S3FC 120 M 157 M 18,216
2‘;; N 2 | NeoSem 54 M 129 M 12,922
rdf2pg 54 M 129 M 12,922

.| s3pG 26 M 27 M 655
DBzgz((;ha NeoSem 16 M 18 M 632
rdf2pg 16 M 18 M 632

. S3PG 40M 59 M 103
B“’é?DF NeoSem 10M 20 M 64
rdf2pg 10 M 29M 64
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SPARQL queries for the RDF graphs and then, using the mapping Fy
generated by the algorithms as reference, converted them manually
into Cypher queries for each transformation method. At present,
developing an automated query translator falls beyond the scope
of this work. We divided the queries into four distinct categories
based on the categorization of node shape constraints from Figure 3.
These categories include single-type queries, multi-type homoge-
neous literal queries, multi-type homogeneous non-literal queries,
and multi-type heterogeneous (literal and non-literal) queries. For
DBpedia2022, we created a total of 120 queries, with 60 queries for
each of the first three categories and 60 queries for the last category.
For Bio2RDF we created a total of 36 queries, with 27 queries for
first three categories and 9 queries for the last category.

We executed the SPARQL queries over the RDF graphs and com-
puted the number of results for each query as ground truth. Then
we compared the results returned by Cypher queries executed over
the PGs created by S3PG, NeoSemantics, and rdf2pg. Tables 6 and 7
show the ground truth (# of GT) and accuracy (in percentage) for
all queries on DBpedia2022 and Bio2RDF. A higher percentage indi-
cates a more accurate or complete transformation of the RDF graph
into a PG for data corresponding to that specific type of query.
Therefore, when we state that S3PG achieved 100% accuracy for
a particular query, it means that it produced the exact expected
result count, preserving all the information. In contrast, when the
percentage is lower, e.g., for NeoSemantics (NeoSem) and rdf2pg,
it indicates that these methods produced results that differ from
the expected results, suggesting a lossy transformation. S3PG con-
sistently achieves 100% accuracy, indicating that it preserves all
information as discussed above.

Accuracy Analysis on DBpedia2022. For single-type queries
(Q1-Q5), NeoSem shows high accuracy while rdf2pg’s accuracy
ranges from 99.45% to 100%. For multi-type homogeneous (MT-
Homo) literals (L) queries (Q6-Q10), NeoSem shows high accuracy,
and rdf2pg’s accuracy ranges from 84.62% to 100%. This indicates
that S3PG and NeoSem are both more reliable for MT-Homo (L)
queries than rdf2pg. For MT-Homo non-literal (NL) queries (Q11-
Q15), all methods achieve 100% accuracy in our queries. For MT-
Hetero (L+NL) queries (Q16-Q25), NeoSem’s accuracy ranges from
90.48% t0 99.99%, while rdf2pg’s accuracy varies widely, from 30.22%
t0 99.99%. For example, we can analyze Q22 from Table 6. Below, we
present its SPARQL and Cypher variants, transformed according to
S3PG and NeoSemantics.

Q22: SPARQL:
SELECT ?e ?p WHERE { ?e a schema:ShoppingCenter ; dbp:address ?p .}

Q22: S3PG:
MATCH (n:sch_ShoppingCenter)-[:dbp_address]->(tn)
RETURN n.iri AS node_iri, COALESCE(tn.ov, tn.iri) AS tn_iri_or_value;
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Q22: NeoSemantics:

MATCH (node:sch_ShoppingCenter)-[:sch_address]->(tn)

RETURN node.uri AS node_uri, tn.uri AS tn_iri_or_value

UNION ALL

MATCH (node:sch_ShoppingCenter)

UNWIND node.sch_address AS tn_iri_or_value

RETURN node.uri AS node_uri, tn_iri_or_value;
Hence, compared to the corresponding SPARQL query, the S3PG
Cypher version of Q22 produces the complete result, while NeoSe-
mantics (and similarly rdf2PG) produces an incomplete result. This
is because the values of dbp:address in the graph are sometimes
of type STRING, sometimes of type INTEGER, and sometimes IRIs —
only S3PG is able to correctly map this case.

Accuracy Analysis on Bio2RDF. For single-type queries (Q1-
Q3), NeoSem shows high accuracy while rdf2pg’s accuracy ranges
from 99.71% to 100%. For multi-type homogeneous (MT-Homo)
literals (L) queries (Q4-Q6), NeoSem shows high accuracy, and
rdf2pg’s accuracy ranges from 99.73% to 99.77%. For MT-Homo non-
literal (NL) queries (Q7-Q9), all methods achieve 100% accuracy.
For MT-Hetero (L+NL) queries (Q10-Q12), NeoSem’s accuracy is
99.99%, while rdf2pg’s accuracy varies from 97.89% to 99.99%.

These experiments not only prove that NeoSem and rdf2pg can-
not offer a reliable transformation but also that the loss of data can
have very dramatic repercussions on query completeness.

5.3 Effect on Query Runtime

We study how query runtime varies between the original RDF
graphs and the transformed PGs. The goal is to show that our pro-
posed transformation method does not create a schema that is now
too complex to query. The runtimes measured are highly dependent
on the Graph DBMS adopted, therefore this exploratory experiment

Table 6: Accuracy analysis (in percentages) for DBpedia2022
- PG and RDF, transformed by S3PG, NeoSemantics, rdf2pg

#0of GT S3PG NeoSem rdf2pg #0of GT S3PG NeoSem rdf2pg

Q1 1,200,712 100% 100% 100% Q16 | 210,003 100% 99.97% 45.08%

% Q2 282,358  100% 100%  99.46% Q17 98,595  100% 99.78%  78.66%
-%"D Q3 89,880  100% 100%  99.45% Q18 93,586  100% 99.99%  79.06%
% Q4 80129.00 100% 100% 99.49% Q19 1,603  100% 99.69% 99.06%
Q5 10.00  100% 100% 100% Q20 11,969  100% 97.76% 91.15%

— | Q6 22,566  100% 100%  99.06% g Q21 924  100% 90.48% 79.55%
% Q7 5,509 100% 100%  99.07% é Q22 1,831  100% 92.63% 89.30%
z.g Q8 13 100% 100%  84.62% ‘;“?: Q23 5 100% 100% 100%
E Q9 3 100% 100% 100% E Q24 48,146 100% 94.09% 91.02%
Q10 52 100% 100% x| = Q25 376 100% 98.14% 94.95%

o | Q11 | 1,439,679 100% 100% 100% Q26 13,628  100% 97.23% 87.40%
zg Q12 13,111 100% 100% 100% Q27 687  100% 99.85% 99.27%
E Q13 318,414 100% 100% 100% Q28 | 141,570 100% 99.72%  98.88%
= | Qu4 11 100% 100% 100% Q29 31,123 100% 99.99% 30.22%
= Q15 55  100% 100% 100% Q30 7 100% 100% 57.14%

Table 7: Accuracy analysis (in percentages) for Bio2RDF - PG
and RDF, transformed by S3PG, NeoSemantics, rdf2pg

#0f GT S3PG NeoSem rdf2pg #of GT  S3PG NeoSem rdf2pg

Q1 | 163,894 100% 100%  99.71% E Q7 195,545  100% 100% 100%

g Q2 18,089  100% 100%  99.81% E Q8 1,089,005  100% 100% 100%
Q3 1,279 100% 100% 100% = Q9 798,552  100% 100% 100%
Q4 30,752 100% 100%  99.77% E Q10 1,254,745 100% 99.99%  99.99%
E Qs 19,530  100% 100%  99.77% § Q11 1,095319 100% 99.99%  99.79%
Q6 | 42,726  100% 100%  99.73% & Q12 2,465,643  100% 99.99% 97.89%
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is not designed to conclude anything on the general PG vs. RDF
performance. We executed queries on DBpedia2022 RDF as well as
the corresponding PGs transformed by S3PG, NeoSemantics, and
rdf2pg. We used GraphDB (9.9.0) to execute SPARQL queries and
1000 warm-up queries before executing the benchmark queries. For
Neo4j, we used the CALL apoc.warmup.run() function to warm up.
We ran each query 10 times and measured the average runtime.
Figure 6 presents the results based on our four query types. Over-
all, we see that query runtimes remain comparable between the
different data models and transformation techniques. The most sig-
nificant difference is for S3PG in multi-type heterogeneous queries
(Q16-Q30), where its direct modeling of multi-value and multi-type
properties’ data in nodes allows it to improve some query execu-
tion times compared to NeoSemantics and rdf2pg. Instead, for some
queries in Figure 6(d), S3PG takes longer than NeoSemantics and
rdf2pg. The reason is that, since S3PG is a fully data preserving
transformation technique supporting multi-type heterogeneous
literals and non-literals queries, it retrieves more data (the correct
complete result) in contrast to the other two techniques.

Notably, SPARQL queries on GraphDB prove effective for both
single and multi-type queries. Nevertheless, in multi-type hetero-
geneous queries (Q16-Q30), SPARQL appears to be less efficient
than S3PG’s Cypher queries. We stress that this experiment does
not aim to provide a comparison between different system architec-
ture performances, which requires a different type of analysis [24],
while confirming that query performance ought to be considered
when deciding which model to adopt.

5.4 Monotonicity Analysis

As mentioned above, S3PG offers two types of transformation
approaches: parsimonious and non-parsimonious. For evolving
graphs, the non-parsimonious model allows schema evolution for
different attribute types. To study the monotonicity properties, we
leverage two snapshots of DBpedia: the snapshot from Decem-
ber 2022 (Dbp22march), and another snapshot from March 2022
(Dbp22dec). The A between both snapshots shows the addition of
16.7M new triples and the deletion of 5.9M triples. We consider as
updated triples all those triples with changes in their object values
only; these amounts to 16.1million updated triples. Approximately
1.84% of the triples were deleted, and 5.21% of the triples were added
from March (Dbp22march) to December (Dbp22dec).

When employing the parsimonious transformation approach,
we use S3PG to transform Dbp22march and Dbp22dec and mea-
sure the transformation time. Converting Dbp22march took 34.0
minutes with the parsimonious transformation model and 31.83
minutes with the non-parsimonious transformation model, while
converting Dbp22dec from scratch with the parsimonious model
took 34.25 minutes, i.e., approximately 7.59% longer than using the
non-parsimonious model. Instead, converting only A with the non-
parsimonious model took 9.97 minutes. This indicates that adopting
the non-parsimonious model to incorporate A in Dbp22march re-
sults in a time savings of 24.28 minutes, representing a substantial
70.87% reduction in overall transformation time. Thus, even though
the data model is slightly more complex the incremental transfor-
mation is more efficient.
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Figure 6: Query runtime analysis on DBpedia2022

6 RELATED WORK

Few approaches have been proposed to tackle the interoperability
between RDF graphs and the PGs.

Rdf2pg [5] proposes a direct mapping approach for transforming
RDF graphs into PGs covering both data and schema. This approach
provides both schema-dependent and schema-independent direct
mappings for the transformation process. It utilizes RDFS as the
schema for KGs and a custom-defined schema for PGs. The experi-
mental results of rdf2pg conclude that PGs subsume the information
capacity of RDF graphs. Contrary to this approach, our proposed
method uses current standards — SHACL schema for RDF graphs
and PG-ScHEMA [1] for PGs — which allow defining node and edge
types, and support advanced scenarios such as expressing com-
plex type hierarchies and integrity constraints. We show that using
these schema languages for transformation is a better and more
reliable approach to ensure semantics and information preserva-
tion of schema and data in graphs. G2GML [12] is a language for
mapping RDF graphs to PGs. G2GML transformations are man-
ually specified ad hoc by users for a given dataset. Unlike S3PG,
Rdf2pg, and Neosemantics, G2GML is just a mapping language,
thus it does not provide an automatic transformation algorithm.
It is possible to extend S3PG to produce G2ZGML mappings as an
additional output though.

One of the issues with transforming RDF graphs into PGs is that
one almost always ends up with data that is not complete after
transformation [16]. In this direction, Hugegraph [19] proposed an
approach to transform RDF to PGs which addresses several chal-
lenges that arise during the conversion process, such as ensuring
the uniqueness of nodes and supporting multi-label and empty-
label RDF graphs in single-label graph databases. In their work, the
authors focused on converting RDF graphs into Hugegraph, which
is a specific graph database management system,; this approach does
not apply to other graph databases in general. Furthermore, the
authors stated that this method is not guaranteed to be information
preserving because, while importing RDF graphs into Hugegraph,
the system tries to automatically identify the labels of vertices and
edges and also omits blank nodes along with all of their related
edges. An alternative method is implemented in rdf2neo [11], a
tool that allows to populate Neo4j databases from RDF graphs, and
uses real use cases from agrigenomics to demonstrate how this
tool can be used to increase opportunities for knowledge sharing
and interoperability. In contrast to S3PG, it is not schema-based
and does not guarantee completeness. In the work by Zhang et
al. [44], a method using a mapping structure is introduced as a
advancement in achieving a bidirectional mapping between RDF
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and PGs. Unlike S3PG, this method does not rely on a schema-based
approach to guarantee the completeness and monotonicity of the
transformation from RDF to PGs.

Some other works [3, 45] propose a unified storage layout for
RDF graphs and PGs. However, there is currently still a need for a
unifying data model that can support graph formats like RDF, RDF-
star, and PGs, while at the same time being powerful enough to
naturally store information from complex knowledge graphs, such
as Wikidata, without the need for a complex reification scheme [3].
Our approach is the first that can effectively take advantage of the
semantic information encoded in the SHACL to obtain an equivalent
PG-schema thus guaranteeing a complete conversion from RDF to
PGs. The opposite direction can take advantage of our methodology
but requires a different treatment.

7 CONCLUSION

S3PG is a method for transforming RDF graphs into Property
Graphs (PGs) based on standardized SHACL shapes. S3PG rep-
resents a schema-compliant, data-preserving transformation ap-
proach that maintains both data and integrity constraints, and is
also monotonic. We have evaluated S3PG using DBpedia 2022 and
Bi0o2RDF CT. Our analysis confirmed S3PG’s reliability and its abil-
ity to fully preserve data and integrity constraints in practice. The
results also demonstrate that S3PG is more efficient in transform-
ing RDF graphs into PGs than existing transformation approaches.
Lastly, when transforming evolving graphs, S3PG preserves mono-
tonicity and requires only a fraction of the time to incorporate
updates. S3PG can effectively contribute to solving the interoper-
ability issue between the RDF and PG data models for knowledge
graphs. Open questions are how to extend the SHACL specification
to the RDF-star and how to include it in S3PG’s transformation
algorithm, as well as how to create an automated query translator
for S3PG. Moreover, support for ontological definitions and infer-
ence during transformations is also an important open challenge.
Furthermore, the non-parsimonious transformation generates large
PGs, an open question is how and when to optimize them. Finally,
due to the reliance on shapes, errors or omissions in the shapes can
result in erroneous transformations.
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