
 

Contents lists available at ScienceDirect

Computer Science Review

journal homepage: www.elsevier.com/locate/cosrev  

Data analytics algorithms in property graph databases: A survey

Francesco Cambria∗ iD, Francesco Invernici, Anna Bernasconi, Stefano Ceri

Dipartimento di Elettronica, Informazione e Bioingegneria, Politecnico di Milano, Milano, Italy

A R T I C L E  I N F O

Keywords:

Graph data analytics algorithms

Graph databases

Property graph databases

Performance evaluation of property graph 

applications

A B S T R A C T

As data continues to grow in scale, data analytics algorithms play a crucial role in extracting and refining valuable 

knowledge from data. At the same time, graph databases are essential for efficiently managing network data; 

among them, the most popular systems are converging towards property graph databases, thereby adding rich 

semantics to graph modeling.

In this survey, we explore how data analytics algorithms are supported by property graph databases. First, 

we provide a comprehensive description of the main graph data analytics algorithms, by classifying and then 

explaining forty-five algorithms. Then, we examine the twenty most popular graph databases, based on an exter­

nally provided usage ranking, and map the data analytics algorithms to them, discovering that only ten property 

graph databases support some data analytics algorithms. The outcome of this work provides an indication of the 

coverage of graph data analytics by each property graph database.

Finally, to pragmatically guide potential users in choosing the best available solutions for graph data analytics, 

we evaluate the performance of three property graph databases (Neo4j, Memgraph, and TigerGraph) selected on 

the basis of usage ranking, data analytics coverage and availability of an open-source version. Our performance 

evaluation applies to synthetic datasets of different topologies and increasing sizes, and to five real-world graphs 

that exhibit different network features.

1 . Introduction

In the last two decades, thanks to the exponential growth of large, 

interconnected data, graph databases have emerged for their effective 

management of graph data, overcoming the limitations of mainstream 

databases (e.g., relational) that do not focus on the network struc­

ture [1]. Network data naturally capture a variety of domains, as shown 

in general by Barabasi [2] and specifically in domains such as social 

analytics [3], biology [4–6], finance [7] and law [8,9].

Along with the emergence of these applications, a new generation of 

management systems for graph databases (Graph DBMSs) has emerged; 

[10] lists them in order of “popularity”. Graph databases are optimized 

for storing and querying graph data, often supporting ACID transactions 

and large-scale datasets [11]. The top-ranked Graph DBMSs support the 

property graph (PG) model, a rich data model allowing nodes and edges 

to carry properties and labels [12], which is emerging as a unifying 

standard for providing schema-level descriptions to graph databases. 

Coherently, our survey is focused on Graph DBMSs supporting the PG 

model.

While Data Science is a term that can be traced back to the 

1970s [13], it has recently gained attention and popularity, partly thanks 

to the big data revolution [14,15]. Generally, data science can be de­

fined as the intersection of different and broad interdisciplinary fields, 

from statistics and computer science to management and sociology, 

aiming to capture deeper knowledge from data [15,16]. Data science 

pipelines include a process starting from data collection and preparation 

(possibly including data enrichment and imputation), to data quality 

verification, to the application of statistical algorithms and/or machine 

learning models, culminating in the clear presentation of results [15]. 

Graph Data Science refers to the specialized set of algorithms and mod­

els designed to analyze graphs, leveraging their structure to extract 

meaningful insights [17].

Data Science methods typically include data analytics methods, 

which use top-down designed algorithms, and machine learning meth­

ods, which use bottom-up, inductive methods. In this survey, we fo­

cus on data analytics, as in most graph databases these methods are 

supported by specialized algorithms. We instead exclude all machine 

learning methods from our survey; we motivate our choice because, in 
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most graph databases, machine learning tasks are mapped to generic 

pipelines, where the machine learning method is imported from an 

external library, without a specific connection to the database en­

gine. Some algorithms discussed here are frequently components of 

machine learning pipelines; however, we analyze them as standalone 

analytical tools because DBMSs implement them natively for direct 

analysis, rather than as part of an inductive learning framework. We 

also exclude from our survey all graph learning methods, because they 

are also supported by generic pipelines, typically applied to vector-

based representations of graphs, without any emphasis on the method. 

Finally, we also exclude specialized tools designed for in-memory 

computation and analysis of graph structures [18–20], focusing on in-

memory data processing regardless of specific data management system

contexts.

Contributions. In this survey, we explore the solutions offered by prop­

erty graph Database Management Systems for implementing graph data 

analytics algorithms. The survey addresses key questions, such as: Which 

algorithms are supported by each system? How are they encoded? To which 

scenarios can they be applied? This review serves as a road map, enabling 

readers to select the algorithms and the property graph database sys­

tems that are best suited to their specific needs. A noticeable aspect of 

this survey is the comparative performance evaluation of three database 

engines, which have an open-source version, are chosen among the most 

widely used engines according to the listing of DB-Engines [10], and at 

the same time cover most extensively the set of reviewed graph algo­

rithms. Our comparative analyses are applied to synthetic data as well 

as real-life applications. All these aspects help readers identify the most 

suitable solution for their needs, considering supported algorithms, the 

system’s accessibility, and performance.

Related Surveys. Many surveys capture the evolution of network anal­

ysis; they investigate classes of algorithms designed for network data, 

highlighting both their capabilities and challenges [21–23]. Other sur­

veys focus on the perspective of specific graph application domains; 

Borgatti et al. [24] review how network theory is applied to represent 

social dynamics; Scott [25] reviews how to perform network analy­

sis for the social domain. Other surveys specialize in specific kinds of 

networks/applications: biological networks [26–28], graph-based fraud 

detection systems [29–31], and transportation networks [32,33]. Other 

surveys, instead, study the computational complexities of graph data 

analytics methods. For instance, the articles [34–36] consider the most 

common network analysis algorithms, while Jiang [37] focuses on 

pattern matching.

With respect to graph databases, several surveys have been exploring 

their various facets. Angles and Gutierrez [38,39] propose a compari­

son of the different data models for graph databases. Angles et al. [40] 

also present the foundational features of graph database querying lan­

guages, and Kondylakis et al. [41] present recent advancements made 

by property graph standards. Bonifati et al. investigate how to gener­

ate new graph databases [42] and how to query graph databases [43]. 

Finally, Lopez et al. [44] propose a categorization of graph databases 

according to data storage type and the data model, and Besta et al. [45] 

present a complete taxonomy of graph databases. Our survey aims to 

further expand these analyses, providing an in-depth investigation of 

data analytics on graphs.

Outline. The survey organization is shown in Fig. 1, which also pro­

vides a graphical introduction to the dependencies between the various 

parts of our survey. In Section 2, we summarize some basic notions about 

graph data models (including property graphs) and some fundamental 

network features. Section 3 provides a categorization and description 

of the algorithms for graph data analytics. In Section 4, we review the 

most popular graph data management systems, with a strong focus on 

property graph database management systems. In Section 5, we evalu­

ate the performance of different Graph DBMSs (supporting the property 

graph data model) and graph data analytics algorithms on synthetic 

graphs (considering Random, Scale-Free, and Small-World generators) 

and several cases of real-world datasets. Section 6 concludes this survey.

2 . Property graphs and other graph models

A graph can be formally defined as a triple consisting of a set of nodes 

𝑁(𝐺), a set of edges 𝐸(𝐺), also called relationships, and a function that 

assigns each edge to a pair of nodes, potentially the same node, serving 

as its endpoints [46]. When the nodes assigned to each edge are ordered, 

the graph is directed, meaning that every edge has a designated starting 

and ending node.

In a graph database, the data model is inherently graph-based. This 

means that both the schema and data instances are represented as 

graphs, and queries are designed to perform graph-specific operations. 

Many graph databases adopt the property graph (PG) data model [12], 

representing data as a directed graph. In this model, both nodes and 

edges are labeled; labels are unique identifiers within the graph, provid­

ing the node’s identity. Nodes and edges can have associated ⟨property, 

value⟩ pairs. Although property graph databases lack an official standard 

query language, the Graph Query Language (GQL, [47,48]) is emerging 

Fig. 1. Outline of the survey.
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as a graph-specific complement to SQL for efficient graph navigation. 

GQL is very similar to Cypher, the most commonly used query language 

(adopted by Neo4j, the most widely adopted property graph database).

Due to their growing popularity and flexibility in modeling com­

plex scenarios, significant efforts have been made in recent years to 

enhance and standardize property graph databases. Angles et al. [49] in­

troduce PG-Schema, a framework for defining schema definitions, e.g., 

by adding generic schema types. Note that when all the relationships 

in the database have the same type, the relationship identifier is given 

by the pair ⟨source-node-id, destination-node-id⟩; when instead multiple 

relationship types are supported, the relationship identifier is given by 

the triple ⟨relationship-type, source-node-id, destination-node-id⟩.

In addition to identifiers, the PG-keys standard proposal [50] de­

fines a generic mechanism to provide property-based identification 

to nodes and relationships to prevent duplicates and ensure data in­

tegrity. [51–53] introduce PG-triggers, serving as reactive components 

for monitoring and managing data, as a reaction to the creation or 

deletion of nodes and edges, as well as the updates of their labels 

and properties. Significant efforts have been made not only in data 

management but also in data analytics and mining. For instance, 

in [54], the mine graph rule is introduced as a GQL-based opera­

tor for defining and extracting association rules from property graph

databases.

In addition to the property graph model, other graph data models 

offer different approaches to organizing and querying graph data. One 

such model is the Resource Description Framework (RDF, [55]) model, 

which represents data as triples (subject-predicate-object) and is widely 

used in semantic web technologies. Another alternative is the hyper­

graph model [56], which generalizes the graph structure by allowing 

edges to connect more than two nodes, making it suitable for more com­

plex relationships. These models, each with their own strengths, provide 

diverse ways to capture and analyze graph-based data depending on the 

specific requirements of the application.

2.1 . Network features

Graphs can be characterized by various network features that de­

scribe their structure, complexity, and impact on graph data science. 

Qualitatively, graphs can be directed or undirected; the former kind pro­

vides a specific direction to each edge (i.e., it assigns to the nodes of an 

edge respectively the roles of source and target of the edge); note that it 

may be possible to query the graph by traversing edges from their target 

node to their source node. Graphs can also be homogeneous or hetero­

geneous: a homogeneous graph has a single node type and a single edge 

type, while a heterogeneous graph can contain multiple node and re­

lationship types. From the point of view of their topology, graphs can 

either be fully connected, meaning every node is reachable from any 

other node through a path of arbitrary length, or they can be divided 

into isolated components, i.e., fully connected subgraphs where nodes 

from a subgraph are not connected to nodes of a different subgraph.

Quantitatively, the size of a graph significantly affects the computa­

tional resources required for processing data analysis algorithms. Size is 

defined by counting either the number of nodes or the number of edges, 

each influencing the performance of algorithms in distinct ways. For 

example, the performance of traversal algorithms depends on the num­

ber of edges, whereas the performance of clustering algorithms depends 

on the number of nodes. Closely related to graph size, graph density is 

defined as the ratio of existing edges to the total possible edges between 

nodes.

Beyond the total number of edges and their density, another key 

characteristic is how edges are distributed across the network, which 

is captured by the statistical distribution of edges between nodes; the 

most interesting cases include uniform, random [57], and scale-free dis­

tributions [2]. Real-world graphs often follow a scale-free distribution, 

reflecting the preferential attachment principle: nodes tend to connect 

to other nodes that already have many connections.

The clustering coefficient measures the tendency of nodes to form 

tightly connected groups; high values indicate strong connectivity, while 

low values indicate loose connectivity, typical in random graphs. Lastly, 

another distinctive feature of graphs is the diameter. To explain it, we 

first define the distance between two nodes as the number of edges in 

the shortest path connecting them. A node’s eccentricity is the maximum 

distance from that node to any other node in the graph. The graph’s 

diameter is then the largest eccentricity among all nodes, representing 

the longest shortest path within the graph. Other types of networks are 

defined by specific value ranges of these features. For example, networks 

with a high clustering coefficient and a low diameter are known as Small-

World graphs [58].

3 . Graph data analytics algorithms

Graph data analytics algorithms generally cover a wide range of data 

analytics tasks, aimed at extracting knowledge from graphs; taking as 

reference the taxonomies found in [34,35,59], each algorithm can be 

classified considering the expected result. The resulting categories are:

• Centrality, to identify the most important nodes within networks;

• Community, to identify clusters in graphs;

• Cohesiveness, to identify subgraphs whose nodes are densely 

connected;

• Covering, to identify sets of nodes or edges that satisfy specific 

constraints;

• Pattern Matching, to identify subgraphs that are isomorphic to a 

given pattern;

• Similarity, to identify similar nodes;

• Traversals, to identify paths in graphs.

In Table 1 the full list of the algorithms is presented. The algo­

rithms are grouped into classes. For each algorithm, the table lists the 

mandatory and optional property graph elements required, as well as 

the produced output.

Table 2 outlines the mathematical characteristics of each algorithm, 

including time and space complexity at the asymptotic level and whether 

they are iterative or randomized; note that these figures reflect the 

general case and may differ in specific contexts.

Selection Criteria. To navigate the vast landscape of network al­

gorithms, we selected those most relevant to the scope of this survey. 

Our primary criterion was to prioritize methods widely supported by 

the standard libraries of major graph database vendors. Additionally, 

we focused on algorithms designed for complex structural analysis, 

distinguishing them from processes that perform simple transactional 

lookups.

Differently, we excluded methods that are more aligned with ma­

chine learning and graph learning techniques. While powerful, these 

methods typically require transforming graph data into vectors for ex­

ternal frameworks, rather than executing as native analytical procedures 

within the database system.

3.1 . Centrality

Centrality algorithms are designed to identify the most important 

nodes within networks [60,61]. These algorithms differ in the spe­

cific structural aspects of the graph they investigate and the statistical 

methods they use to quantify a node’s importance [62], represented 

by a score. Identifying the centrality of the nodes is key to studying 

a broad spectrum of topics: for instance, discovering super-spreaders in 

epidemiology [63] or inefficiencies in a transportation network [64].

These algorithms can be broadly categorized into neighbor-based and 

path-based approaches. Neighbor-based algorithms (Degree Centrality, 

Eigenvector Centrality, PageRank, and HITS) assess importance based 

on immediate connections or the recursive influence of neighbors.

In contrast, path-based algorithms (Betweenness Centrality, 

Closeness Centrality, Harmonic Centrality, and Katz Centrality) analyze 

the global topology by traversing paths across the network. These 
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Table 1 

Summary of graph data analytics algorithms. Each row corresponds to a specific algorithm divided by category: the first column is the algorithm 

name; the columns Node Labels, Edge Types, Node Properties, Edge Properties, and Node IDs represent different property graph elements that 

are either mandatory (✓), optional (∼) or not used (-); finally the sixth column defines the output format. The output format is expressed as either 

a new node property; a set of existing nodes (expressed as node identifiers); an existing edge (expressed as an edge identifier); an existing path or 

tree (a sequence of edges); or a specific new unique feature of the graph (a metric value, a specific node, or a specific edge).

metrics highlight nodes that act as bridges, rather than just those with 

high connectivity.

Degree centrality. It measures a node’s importance based on the num­

ber of its incoming or outgoing relationships [65]. The direction of 

relationships can either be ignored or considered; in the latter case, only 

outgoing relationships are used. Additionally, the weight of relationships 

can be included [66].

Eigenvector centrality. Also called Eigencentrality or Prestige Score, it 

is based on the idea that the importance of a node depends not only 

on the relationships with adjacent nodes but also on their value of 

centrality [67]. Generally, a node with a high Eigenvector Centrality 

score is connected to many nodes that themselves have high scores. 

Eigenvector Centrality can introduce a bias toward a specific set of 

nodes, giving them a higher initial centrality score.

PageRank. Introduced in [68], it was developed to evaluate the impor­

tance of web pages by analyzing the network of connections. Similar to 

Eigenvector Centrality, the core principle of PageRank is that the cen­

trality of a node relies on the centrality of the pages directly connected 
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Table 2 

Summary of mathematical abstractions for graph data analytics algorithms. The time and space complexity of each al­

gorithm, along with their iterative or random nature, are reported. The notation used for complexity analysis is defined 

as follows: |𝑁| and |𝐸| represent the cardinality of nodes and edges, respectively, while 𝑘 denotes the number of itera­

tions. Algorithm-specific parameters include 𝑅 for the number of influence Maximization simulations, 𝑐 for the number 

of communities in Speaker-Listener Label Propagation and K-means clustering, and 𝐾 as the input parameter for K-means 

clustering, K-nearest neighbors, K-clique, and Yen’s Shortest Path. Additionally, 𝑣 indicates the vector dimensionality for 

K-means clustering, 𝐷 is the maximum node degree, 𝑝 represents the average path length for Yen’s Shortest Path, and 𝑛
denotes the number of target nodes for the Minimum directed Steiner Tree.

to it. In the original implementation, PageRank was defined as the solu­

tion of the equation: 𝑃𝑅𝑖(𝑛) = (1−𝑑)+𝑑 ∗
∑

𝑣∈𝑁𝑖𝑛

𝑃𝑅𝑖−1(𝑣)
𝑁𝑜𝑢𝑡(𝑣)

, where 𝑃𝑅𝑖(𝑛)
denotes the PageRank score of the node 𝑛 at step 𝑖; 𝑑 (damping factor) 

represents the loss of interest in the node (a low-weight connection to a 

random node in the graph); 𝑣 ∈ 𝑁𝑖𝑛 is the set of nodes connected to 𝑛 by 

an incoming edge; and 𝑣 ∈ 𝑁𝑜𝑢𝑡 is the set of nodes connected to 𝑛 by an 

outgoing edge. The equation is solved iteratively, to find an approximate 

solution [69–71].

Hyperlink-induced topic search. HITS [72] measures centrality using 

two scores: the authority score, which evaluates the importance of a 

node as “pointed” by other nodes, and the hub score, which evaluates 

the significance of a node as “pointer” to other nodes; authority and 

hub scores are computed by two equations, similar to the ones intro­

duced in PageRank, which are solved iteratively by alternating one step 

for authority and one step for hub. Upon convergence, authority scores 

are similar to PageRanks, while high hub scores correspond to nodes 
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that are good “pointers” (e.g., in a network about care providers, nodes 

pointing to the “highly linked” -best- care providers).

Betweenness centrality. It measures how often a node appears on the 

shortest paths between other pairs of nodes, providing a useful estimate 

of how much information flows through that node [73]. Betweenness 

centrality is calculated in two steps: first, find the shortest paths between 

all pairs of nodes; then, determine the pair-dependencies, i.e., the ratio of 

shortest paths between each pair that pass through a given node. Several 

methods have been proposed focusing on how to solve this challenge. 

For instance, Brandes et al. [74,75] propose a faster custom algorithm for 

unweighted graphs achieving an approximate solution through random 

sampling; for weighted graphs, the Dijkstra algorithms (later evaluated 

in Section 3.7), are generally used.

Closeness centrality. It is traditionally defined as the inverse of a node’s 

average distance to all other nodes in the graph [76]. Nodes that are 

closer to all others can efficiently spread information across the entire 

graph. For each node, the algorithm calculates the sum of its distances 

to all other nodes, which is then inverted and normalized to obtain 

the average distance. The resulting formula for Closeness Centrality is: 

𝐶𝐶(𝑛) = 𝑁−1
∑

𝑣∈𝑁 𝑑𝑛𝑣
, where 𝐶𝐶(𝑛) denotes the Closeness Centrality score 

of the node 𝑛, 𝑁  is the set of all the nodes 𝑣, and 𝑑𝑛𝑣 is the length of the 

shortest path from 𝑛 to 𝑣. A challenge arises when defining distance in 

graphs that are not fully connected; the Wasserman-Faust formula [77] 

modifies the original calculation by expressing closeness as the ratio of 

the fraction of reachable nodes to the average distance.

Harmonic centrality. Introduced in [78], it is a variation of Closeness 

Centrality designed to handle graphs that are not fully connected. 

Instead of summing the distances from a node to all others, this ap­

proach sums the inverse of those distances: 𝐻𝐶(𝑛) =
∑

𝑣∈𝑁
1
𝑑𝑛𝑣

, where 

𝐻𝐶(𝑛) denotes the Harmonic Centrality score of the node 𝑛, 𝑁  is the 

set of all the nodes 𝑣, and 𝑑𝑛𝑣 is the length of the shortest path from 𝑛
to 𝑣. Unconnected graphs can be handled because terms with infinite 

distance become zero in the sum.

Katz centrality. Introduced in [79], it addresses some limitations of 

both Betweenness and Closeness Centrality, which assume that informa­

tion flows only along the shortest paths [80]. Katz centrality, instead, 

sums all walks starting from a node, weighting them based on their 

length. The algorithm is calculated as 𝐾𝐶(𝑛) =
∑∞

𝑖=1 𝑝𝑖(𝑛) ∗ 𝛼𝑖, where 

𝐾𝐶(𝑛) denotes the Katz Centrality score of the node 𝑛, 𝑝𝑖(𝑛) are the num­

ber of paths of increasing length 𝑖 starting from 𝑛, and 𝛼 is an attenuating 

factor smaller than 1 that is used to weight the paths according to their 

length.

Influence maximization. Defined in [81], it aims to find the set of nodes 

that maximizes the spread of influence across a network. In models that 

represent the spread of ideas in a graph, a node is typically considered 

active if it adopts the idea and inactive if it does not. A node’s tendency 

to become active increases as neighboring nodes become active. In [81], 

the influence of a set of nodes is defined as the expected number of ac­

tive nodes at the end of a process initiated by setting those nodes as 

active. The Influence Maximization problem seeks to identify a node set 

that maximizes the node set’s influence. Various approaches have been 

developed to find solutions; among them, the Greedy algorithm [81] 

starts with a random set of nodes and incrementally adds to the set 

those nodes maximizing the influence spread. To improve efficiency, 

the Cost-Effective Lazy Forward (CELF) algorithm [82] uses a lazy eval­

uation mechanism to eliminate nodes early in the process, significantly 

reducing the number of iterations.

3.2 . Community

Community Detection algorithms are a class of graph data analytics 

algorithms designed to identify clusters in a graph, grouping nodes that 

play similar roles within the network [83,84]. Communities are usually 

represented as properties or labels attached to each node. Identifying 

communities in a graph provides valuable insights for various applica­

tions: for instance, in social networks for sentiment analysis [85] or to 

refine user profiling [86].

Most community detection methods can be classified by their opti­

mization strategy: connectivity-based (Weakly and Strongly Connected 

Components), relying on reachability to group nodes that are struc­

turally linked; propagation-based (Label Propagation, Speaker-Listener 

Label Propagation, and HANP), using iterative local consensus where 

nodes adopt the majority label of their neighbors; metric-based 

(Modularity Optimization and Louvain), focusing on maximizing a spe­

cific quality function to ensure high internal density within clusters; and 

attribute-based (K-means Clustering), grouping nodes based solely on 

property similarity, completely ignoring structural edges.

Weakly connected components. Described in [87], it identifies commu­

nities, or components, as sets of connected nodes in undirected graphs. 

Sutton et al. [88] propose an efficient algorithm implementation to 

extract weakly connected components via subgraph sampling.

Strongly connected components. The SCCs algorithm, also described 

in [87], identifies communities, or components, as sets of connected 

nodes in directed graphs where every node is reachable from every 

other node, i.e., there is a directed edge path between them. Classical 

approaches to finding strongly connected components are [89,90].

Label propagation. It is a bottom-up clustering algorithm inspired by 

epidemic spreading [91]. It operates on the principle that a node should 

adopt the most common label among its neighbors. It can optionally 

use relationship properties as weights to determine influence based on 

connections and node properties both as weights for neighbor nodes and 

as a seed for initial labeling. If no initial labels are provided, each node 

is assigned a unique label, which is then iteratively propagated. At each 

step, a node updates its label to match the most frequent label among 

its neighbors. The process continues until every node holds the majority 

label of its neighbors.

Speaker-listener label propagation. Introduced in [92], it expands Label 

Propagation so that nodes can belong to multiple overlapping com­

munities. The algorithm is designed to mimic human communication 

behavior, where each node can act both as a speaker and a listener, 

while also maintaining a memory to accumulate knowledge. The pro­

cess begins with each node being assigned a unique label, representing 

its own initial community. Each node also has a memory to store the la­

bels it receives over time. The algorithm then iterates through two main 

steps: the speaking phase, where each node randomly selects one of the 

labels stored in its memory and broadcasts it to its neighbors, and the 

listening phase, in which each node receives multiple labels—one from 

each of its neighbors—and selects the most frequently received label, 

which it then stores in its memory. After a fixed number of iterations, 

each node retains the most frequently stored labels.

Hop attenuation and node preference. The HANP algorithm [93] is a 

variation of Label Propagation designed to enhance community detec­

tion. It achieves this by introducing two mechanisms. The first, Hop 

Attenuation, assigns to each label a score that decreases as it propa­

gates from its origin. This limits label propagation to nearby nodes and 

prevents labels from spreading too widely across the network. The sec­

ond mechanism, Node Preference, incorporates node weights based on 

their degree. When selecting a label to propagate to node 𝑖, each label 

from a neighboring node 𝑗 is assigned a weight 𝑤𝑗 (𝐿), calculated as: 

𝑤𝑗 (𝐿) = 𝑠𝑗 (𝐿) ⋅ (𝑑𝑒𝑔𝑗 )
𝑚 ⋅ 𝑤𝑖𝑗 , where 𝑠𝑗 (𝐿) is the Hop Attenuation score; 

(𝑑𝑒𝑔𝑗 )
𝑚 represents the degree of node 𝑗; and 𝑚 is a parameter that de­

termines whether higher-degree nodes (𝑚 > 0) or lower-degree nodes 

(𝑚 < 0) have more influence. 𝑤𝑖𝑗  is the weight of the edge between 

nodes 𝑖 and 𝑗.
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Modularity optimization. It is a community detection algorithm that fo­

cuses on maximizing modularity [94,95], i.e., the density of connections 

of nodes within a community [2]. It is calculated as 𝑀 =
∑𝑐

𝑖=1(𝑒𝑖𝑖 − 𝑎2𝑖 ), 
where 𝑐 is the number of communities within the graph; the term 𝑒𝑖𝑗
is the count of edges that connect nodes in community 𝑖 to nodes in 

community 𝑗; and the term 𝑎𝑖 represents the fraction of all edges that 

connect to nodes in community 𝑖, calculated as 𝑎𝑖 =
∑

𝑗 𝑒𝑖𝑗 . Graphs with 

high modularity scores have many connections between nodes within 

the same community and few connections between nodes in different 

communities. The algorithm evaluates the effect of moving a node to 

any of its neighboring communities. The node is then assigned to the 

community so that the highest modularity gain is achieved. When the 

effect of all moves is to decrease modularity, the node remains in its 

original community.

Louvain. This algorithm, introduced in [96], is an iterative greedy 

heuristic that identifies a hierarchy of communities by optimizing 

modularity [97]. Starting from a given or predefined community, the 

algorithm assigns new communities to nodes based on the principles of 

Modularity Optimization. After updating all nodes, the algorithm moves 

to the next phase by collapsing each community into a single meta-node. 

Edges within a community are summed into a self-loop (i.e., an edge that 

connects a node to itself) on the meta-node, while edges between com­

munities are merged with weights equal to the total inter-community 

edge weights. This process is repeated until convergence.

K-means clustering. Used in [98], it identifies 𝑐 communities within a 

graph. Unlike other community detection methods, it does not consider 

relationships but instead relies solely on node properties. The algorithm 

starts by selecting 𝑐 random nodes as centroids for the communities. 

It then calculates the Euclidean distance for all other nodes and as­

signs each to the nearest centroid. Once assigned, new centroids are 

computed; this process repeats iteratively until the communities are 

stable.

Maximum 𝑘-cut. It is an algorithm designed to solve the 𝑘-cut prob­

lem [99]. A 𝑘-cut partitions the nodes of a graph into 𝑘 non-overlapping 

communities. The maximum 𝑘-cut problem seeks the 𝑘-cut that max­

imizes the sum of the weights of relationships connecting nodes from 

different communities. As finding an exact solution is computationally 

expensive and time-consuming, most algorithms aim to find an ap­

proximation. Among them,  [100] employs a greedy adaptive search 

procedure to efficiently approximate an optimal solution.

Spectral clustering. This algorithm [101] looks for communities in the 

graph by using the connectivity between nodes. First, it computes the 

similarity matrix, in which two nodes are connected if their similarity 

metric is above a threshold; K-Nearest Neighbors  [102] is typically used 

as a similarity metric. Then, the similarity matrix is projected into a 

lower dimensionality, and in this space, the nodes that are close together 

are clustered in the same community.

3.3 . Cohesiveness

Cohesive subgraphs are subgraphs whose vertices are densely con­

nected [77,103]. After extracting cohesive subgraphs, they can be used 

for various purposes, such as visual analysis in social networks [104] or 

keyword extraction from a text graph [105].

K-core decomposition. First introduced in [106], it partitions a graph’s 

nodes into groups based on their degree and the graph’s topology. A k-

core is the largest subgraph where each node has at least 𝑘 connections. 

Lower k-cores include all higher k-cores as subsets. Standard K-Core 

Decomposition algorithms iteratively remove the node with the lowest 

degree, along with its edges, reducing the degree of its neighbors by one. 

This process continues until the graph is empty. Each node is assigned a 

k-core value equal to its degree just before removal. Various implemen­

tations of the algorithm have been developed to improve efficiency and 

speed through parallelization and multicore processing [107,108].

Biconnected components. These are maximal subgraphs of a graph in 

which every pair of nodes is connected by two disjoint paths, meaning 

there is no single node whose removal would disconnect the component. 

In other words, a biconnected component remains connected even after 

the removal of any single node. Standard algorithms for finding bicon­

nected components work by identifying articulation points, i.e., nodes 

whose removal increases the number of connected components within 

the graph. The algorithm then traverses from these articulation points to 

other nodes, which together form a biconnected component [109–111].

3.4 . Covering

Covering algorithms select a set of nodes or relationships that are 

optimal under specific constraints. Covering algorithms have various ap­

plications, such as finding districts within territories for optimizing the 

placement of schools [112] or police patrols [113].

Graph coloring. It assigns a color to each node in a graph while opti­

mizing two objectives: 1) ensuring that no two adjacent nodes share the 

same color and 2) minimizing the total number of colors used [114]. A 

variation of the algorithm, known as 𝑘 Coloring, constrains the solution 

to use exactly 𝑘 colors. Various approaches have been developed, includ­

ing iterative optimization methods based on Greedy algorithms [115] or 

Quantum Annealing [116].

Maximal independent set. This kind of algorithm finds groups of nodes 

in a graph that are not connected to each other [117]; a graph can have 

multiple maximal independent sets. These algorithms are typically based 

on iterative methods, such as Greedy algorithms [118,119].

Maximum matching. In graph theory, a Matching is a selection of edges 

that pair up nodes so that no node belongs to more than one pair. In other 

words, each node is connected to at most one other node within the 

chosen set of edges. Maximum Matching algorithms look for the largest 

possible matching that contains the maximum number of relationships. 

One of the algorithms that aims to find the Maximum Matching is the 

Blossom algorithm [120,121] which is based on the concept of blossoms, 

i.e., odd-length cycles, to iteratively find the pairs corresponding to the 

largest matching.

3.5 . Pattern matching

Pattern Matching involves finding all subgraphs in a large graph 

that are isomorphic to a given pattern, where the pattern is defined 

as a possibly ordered set of nodes and relationships [122]. Graph pat­

tern matching is the fundamental principle behind any graph database 

query language, as querying a graph involves extracting specific pat­

terns. These patterns can then be applied to various tasks. For example, 

in [123], a pattern-matching algorithm is used for a movie recom­

mendation system, and in [124], it helps detect spamming activity in 

large-scale Web graphs. Additionally, Pattern Matching can be extended 

to the task of finding all instances of a subgraph in a larger graph, but 

in a corpus of multiple graphs. In this sense, Pattern Matching is also 

referred to as Graph Matching.

Triangle counting. It refers to those algorithms that extract and count 

all patterns shaped as triangles, i.e., a pattern of three nodes in which 

each node is connected to the other two. The count of triangles is also 

used to compute the Local Clustering Coefficient. Triangle counting algo­

rithms generally fall into two types of approaches: list-based [125,126] 

and map-based [127,128]. In the list-based approach, the algorithm 

checks the list of common neighbors for every pair of neighboring nodes. 

In the map-based approach, the algorithm uses a map to store all neigh­

boring nodes and checks if a node’s neighbors appear in the map of 
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its neighboring nodes. Triangle counting is typically defined for un­

weighted, undirected graphs, though some exceptions exist for directed 

graphs, where the direction of interest must be specified [129].

K-clique. These algorithms generalize triangle counting by identifying 

patterns as sets of 𝑘 fully connected nodes [130]. For a given node, a 

maximal clique is defined as the largest clique of size 𝑘 that includes 

that node. K-clique algorithms can also be considered a part of cohesive 

subgraphs, as the resulting subgraphs have maximum density due to all 

nodes being fully connected.

Maximum common subgraph. The problem of finding the Maximum 

Common Subgraph (MCS) refers to the task of looking for the largest pos­

sible subgraph that is present in a set of multiple, two or more, graphs. 

Specific variations of the algorithms introduce additional constraints to 

the problem, such as looking for the subgraph with the largest number 

of relationships (Maximum Common Edge Subgraph) or requiring that 

the subgraph has all the relationships between all the nodes it contains 

(Maximum Common Induced Subgraph). In [131], McGregor proposed 

one of the first strategies to find the MCS based on backtracking the tree-

like bijective mapping of a sample of nodes of the first graph to a sample 

of nodes of the second. More recently, instead, Cao et al. presented 

in [132] a backtracking procedure for exact MCS based on subgraph 

isomorphism techniques.

3.6 . Similarity

Similarity algorithms measure the affinity between two nodes in a 

graph by analyzing either their attributes, such as shared properties 

or labels, or their network relationships, including common neigh­

bors or connectivity patterns. Since similarity algorithms produce a 

value between two nodes, this value can generally be interpreted as a 

new type of relationship within the graph, where the similarity score 

is stored. Similarity measures have been applied in various domains, 

such as predicting links between papers in citation networks [133] and 

recommending connections between users in social networks [134].

Common neighbors. This algorithm measures the similarity between 

two nodes by counting the number of neighbors they share. The idea 

is that if two nodes have many common neighbors, they are likely to 

be similar or connected in some meaningful way. A higher number 

of common neighbors suggests greater similarity, while zero common 

neighbors indicates no similarity between the nodes [135].

K-nearest neighbors. K-NN [136,137] calculates the distance between 

all pairs of nodes in the graph so that for each node it can find the 

𝑘 that are nearest neighbors. Unlike other similarity algorithms, K-NN 

does not consider relationships but instead relies solely on the properties 

of the nodes to compute the distance. The initial set of 𝑘 neighbors for 

each node is selected randomly and then refined over several iterations. 

The algorithm stops when the neighbor lists converge. Many implemen­

tations have refined this process to achieve faster results. For example, 

in [138], the algorithm selects potential neighbors based on the assump­

tion that the neighbors-of-neighbors are most likely to be the nearest 

ones.

Jaccard similarity. Introduced in 1901 by Paul Jaccard [139], it mea­

sures the similarity between two nodes by comparing their connected 

neighbors. The Jaccard Score between nodes 𝐴 and 𝐵 is computed as 

𝐽 = |𝐴∩𝐵|
|𝐴∪𝐵| =

|𝐴∩𝐵|
|𝐴|+|𝐵|−|𝐴∩𝐵| , where the term |𝐴∩𝐵| represents the number 

of nodes connected to both 𝐴 and 𝐵 (their Common Neighbors), while 

|𝐴∪𝐵| represents the number of nodes connected to either 𝐴 or 𝐵 (their 

Total Neighbors). The score can include a weight for edges.

Overlap coefficient. Also known as the Szymkiewicz–Simpson coef­

ficient, it is a variation of the Jaccard similarity that computes the 

similarity index as 𝑂 = |𝐴∩𝐵|
𝑚𝑖𝑛(|𝐴|,|𝐵|) , where min(|𝐴|, |𝐵|) is the number 

of neighbors of the less connected node between 𝐴 and 𝐵. This change 

results in inherently higher similarity scores. Two nodes can achieve the 

highest possible score even if their neighbors do not overlap perfectly, as 

long as the set of neighbors of the node with more connections contains 

the set of neighbors of the other node. The score can include a weight 

for edges.

Cosine similarity. It evaluates the similarity between two nodes based 

on the concept of cosine similarity between vectors. Here, each node is 

represented as a vector, whose components correspond to the weights 

of its connecting edges to all other nodes. The Cosine Similarity Score 

between two nodes 𝐴 and 𝐵 is 𝐶 =
∑

𝑖
𝛼𝑖⋅𝛽𝑖

√

∑

𝑖 𝛼
2
𝑖 ⋅
√

∑

𝑖 𝛽
2
𝑖

, where 𝛼𝑖 and 𝛽𝑖 are 

the weights of node 𝑖 to the other nodes. The score can also be used for 

unweighted graphs by assigning unitary weights to all edges.

Adamic-adar. First introduced in [140] for link prediction in so­

cial networks, it calculates the similarity between two nodes. The 

Adamic-Adar similarity score for nodes 𝐴 and 𝐵 corresponds to 𝐴𝐴 =
∑

𝑛∈𝑁(𝐴)∩𝑁(𝐵)
1

log |𝑁(𝑛)| , where 𝑛 ∈ 𝑁(𝐴) ∩ 𝑁(𝐵) represents the set of 

nodes that are common neighbors of 𝐴 and 𝐵, and |𝑁(𝑛)| is the de­

gree (number of neighbors) of node 𝑛. In essence, the Adamic-Adar 

algorithm measures the similarity between two nodes by summing the 

inverse of the logarithms of the degrees of their shared neighbors; nodes 

that share common neighbors with low degrees tend to have higher 

scores. Murata and Moriyasu [141] suggested a modification of the 

Adamic-Adar formula to account for weighted relationships.

Resource allocation. This algorithm was first introduced in [142] as 

a link prediction measure optimized for the physical allocation of re­

sources in graph processing. The Resource Allocation similarity score 

for nodes 𝐴 and 𝐵 is 𝑅𝐴 =
∑

𝑛∈𝑁(𝐴)∩𝑁(𝐵)
1

|𝑁(𝑛)| , where |𝑁(𝑛)| is the de­

gree (number of neighbors) of node 𝑛. Similarly to the Adamic-Adar 

score, it reduces the importance of higher-degree nodes when calculating 

similarity.

3.7 . Traversal

Traversal algorithms aim to identify topological structures by 

traversing the graphs. The output of these algorithms is typically rep­

resented as the list of nodes of a structure with all relevant information 

attached, including the ordered sequence of nodes and edges, and, if 

applicable, the length or the sum of relationship weights.

Traversal algorithms can be categorized by their objective: explo­

ration, pathfinding, and searching for a specific structure.

Exploration algorithms (Breadth-First Search, and Depth-First 

Search), focus on visiting nodes in a specific order to analyze reacha­

bility.

Pathfinding algorithms, instead, (Shortest Path, All-Pairs Shortest 

Path, Yen’s Shortest Path, and A* Shortest Path, Maximum Flow 

Problem) are optimization-focused; they seek the most efficient route 

between specific nodes.

Finally, specialized structure-finding algorithms (Minimum Weight 

Spanning Tree, Minimum Directed Steiner Tree) aim to connect a set of 

nodes, constructing a tree-like structure rather than a linear path.

Traversal algorithms help define key network metrics, such as the 

diameter used in Betweenness Centrality. Traversal algorithms are used 

in various applications; one of them is VLSI routing [143], i.e., the pro­

cess of determining the optimal paths for electrical connections between 

components on a chip.

Breadth-first search. BFS was first introduced in [144]; it explores a 

graph by starting from a chosen root node and visiting all other nodes 

forming a tree-like structure; the tree is built, at each iteration, by adding 

to every node all the nodes connected to it. The method starts by en­

queuing the root node; while the queue is not empty, it processes each 

node by storing its information, enqueuing all its unvisited neighbors, 
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and then dequeuing it. During a search, nodes can be selected, e.g., by 

computing arbitrary predicates over their properties. BFS is fundamen­

tal in graph processing, and many modern implementations focus on 

improving its performance. For example, Luo et al. [145] achieve faster 

execution times by leveraging GPUs.

Depth-first search. DFS [89] also starts from a chosen root node and 

visits all other nodes forming a tree-like structure, however it does so by 

exploring each path as deeply as possible. The algorithm uses recursion; 

it starts with the chosen node, visits, and processes it, flagging it as “vis­

ited”. Then, it explores each unvisited connected node, by recursively 

calling DFS on that node.

Shortest path. It finds the shortest path between two nodes of the 

graph. In unweighted graphs, the goal is to find the path with the fewest 

nodes and relationships; for instance, Cormen et al. [146] propose an 

approach to exploit BFS. In weighted graphs, the objective is instead to 

minimize the total cost, i.e., the sum of the weights of the edges along 

the path. For instance, the Dijkstra algorithm [147] solves the problem 

iteratively. It begins by assigning a distance of zero to the starting node 

and infinity to all other nodes. It then iteratively explores nodes ordered 

by increasing distance from the start. When visiting a node, the algo­

rithm updates the distances of its neighbors: if the sum of the current 

node’s distance and the edge weight to a neighbor is smaller than the 

previously recorded distance for that neighbor, the distance is updated. 

The process continues until the shortest distance to the target node is de­

termined. The Delta-Stepping algorithm [148] introduces parallelization 

to improve performance, while the Bellman-Ford algorithm [149,150] 

handles graphs with negative weights.

All-pairs shortest path. It finds the shortest path between every pair of 

nodes; it can be optimized to be more efficient than computing each 

shortest path individually. One of the most efficient approaches, pro­

posed by Han and Takaoka [151], uses a series of matrix manipulations 

on the adjacency matrix describing the graph.

Yen’s shortest path. This algorithm [152] finds the top 𝑘 shortest paths 

between two nodes. It works on both unweighted and weighted graphs 

and uses Dijkstra’s algorithm [147] when dealing with positive weights. 

For 𝑘 > 1, the algorithm iteratively finds the next shortest path by in­

troducing a deviation point — modifying or removing an edge. This 

adjustment allows a different path to become the shortest. The process 

continues until 𝑘 paths are found, after which the graph is restored by 

undoing all introduced deviations.

A* shortest path. This algorithm [153] looks for the shortest path be­

tween two nodes combining Dijkstra’s algorithm [147] with a heuristic 

function. Each path is constructed by selecting nodes based on the cost 

function 𝑓 (𝑛) = 𝑔(𝑛) + ℎ(𝑛), where 𝑔(𝑛) represents the actual cost to 

reach the node and the term ℎ(𝑛) is a heuristic estimate of the remain­

ing cost to the goal. The commonly used haversine heuristic calculates 

the distance between two points on a sphere based on their coordinates, 

stored as node properties. With a well-designed heuristic, A* Shortest 

Path typically finds the shortest path faster than Dijkstra’s algorithm.

Graph edit distance. GED is used as a measure of similarity between 

two graphs, being defined as the minimum number of edit operations re­

quired to transform one graph into the other. The set of transformations 

includes the creation, deletion, or substitution of either a node or a re­

lationship. Under weak assumptions, the A* algorithm can be exploited 

to find the GED between two graphs [154,155].

Minimum weight spanning tree. The MST is a subgraph that connects a 

node to all its reachable nodes with the minimum possible total weight 

along the tree’s edges. The Minimum Weight K-Spanning Tree adds the 

additional constraint that the tree must include at most 𝑘 nodes and 𝑘−1
edges. Prim’s algorithm [156] starts from one node and repeatedly adds 

the edge(s) with the smallest weight connecting a node in the tree to a 

node outside the tree.

Minimum direct steiner tree. This algorithm finds the Steiner Tree with 

the minimum weight between each source and target node. The ap­

proach described in [157] iteratively finds the shortest path to one of 

the target nodes, sets the weight of that path to zero, and then proceeds 

to the next target.

Cycle detection. This algorithm aims to find all cycles within a graph, 

where a cycle is defined as a path that starts and ends at the same node 

but never visits any node twice. One of the most efficient iterative algo­

rithms in directed graphs is proposed in [158]. It starts by initializing 

each node with a list containing a single path consisting of itself. In each 

iteration, nodes send their path lists to all outgoing neighbors. Upon re­

ceiving paths, a node checks each one: if the node is the starting point 

of a path, the algorithm marks it as a cycle and removes it; otherwise, 

if the node appears elsewhere in the path, the cycle has already been 

counted, so the path is discarded. This process continues until all cycles 

are detected or all paths are discarded.

Maximum flow problem. It refers to the problem of finding the max­

imum amount of flow that can navigate through the relationships of 

a network. In particular, based on each relationship capacity, these al­

gorithms calculate the amount of flow that can be sent from a source 

node to a sink node. The Ford-Fulkerson algorithm [159,160] is a popu­

lar solution for the Maximum Flow problem, which iteratively looks for 

paths between source and sink nodes that still have available capacity, 

updating the flow, until no more paths can be exploited.

4 . Graph data engines

Graph Data Engines can be categorized into three main groups:

• Graph Database Management Systems are specialized database 

systems designed to store, manage, and query graph-structured 

data efficiently. They are designed along the classical principles 

that inspire relational databases, typically supporting: (1) a lan­

guage for defining data types, data schemes, and indexing schemes; 

(2) a high-level graph query language; and (3) internal subsystems 

for query optimization and on-line transactions.

• Graph Processing Frameworks are systems designed for pro­

cessing and analyzing large-scale graphs efficiently by distributing 

computations between multiple machines (e.g., clouds). They typ­

ically consider structurally simple graphs. Some examples include 

Pregel [161], Apache Spark Graph [19], and Giraph [162].

• Specialized Graph Libraries are software tools designed for cre­

ating, manipulating, and analyzing graphs within programming 

languages. They are commonly used for medium-scale data anal­

ysis, as they may not be efficient for handling very large graphs. 

NetworkX [18], igraph [163], and graph-tool [164] are among the 

most used libraries.

In this survey, we focus on the first category, graph database man­

agement systems. One key distinction is that graph databases are built 

to manage dynamic and complex graphs, whereas graph processing 

frameworks and libraries typically handle simpler static graphs. In ad­

dition, graph databases offer a range of advanced features, including 

transactions, persistence, data independence (physical and logical), data 

integrity, and consistency. Graph databases offer various solutions for 

data analytics. For this survey, we define ‘native implementations’ as 

either a built-in library or a process that seamlessly integrates external 

frameworks within the database. We do not classify - as native - solu­

tions that require users to manually export data and import it into a 

separate framework. The bulk creation of a graph database may require 

preliminary steps:
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Fig. 2. Graph data analysis as an end-to-end pipeline. 1. Collect Data and prepare it to build the network. 2. Create Graph in the desired graph database. 3. Project 

Subgraph which includes nodes and edges required for analysis, 4. Run the graph data analytics algorithm, 5. Return output to export the results of the analysis.

1. Data Collection. Select the data and design a graph schema that 

best suits the application. Format the data so that it can be easily 

uploaded into the chosen graph database.

2. Graph Creation. Import the network data into the graph database 

and create the graph.

Although graph databases usually support Online Transactional 

Processing (OLTP), which involves transactional queries operating on 

portions of the data, in this survey we concentrate on Online Analytical 

Processing (OLAP), i.e., on the execution of large-scale queries process­

ing the entire graph. Fig. 2 outlines the fundamental steps to apply 

Analytical Processing to a graph database:

3. Graph Projection. Most graph databases support OLAP queries by 

projecting the graph into a dedicated, optimized space. This is 

often combined with filtering the whole graph into a subgraph 

to focus only on the parts needed for analysis to enhance the 

performance, even though this step is not strictly required.

Definition 1. Projection. A projection is a read-optimized, in-memory 

snapshot of the relevant nodes and relationships required for analy­

sis. It serves as a computational sandbox, allowing heavy algorithmic 

workloads to run efficiently without impacting the latency of the main 

database.

4. Run Graph Algorithm. Choose a Graph Algorithm supported by the 

graph database and execute it.

5. Return Output. Results can be visualized directly, exported for 

further analysis in other systems, or integrated back into the 

original graph as new node or relationship properties.

In Table 3 the list of the top twenty graph database systems accord­

ing to DB-Engines [10] (captured as of January 26th, 2026) is presented, 

reporting the supported query language and data model, how the data 

is stored and the name of the dedicated graph data analytics library. 

Among these, only those supporting the property graph data model are 

evaluated in greater detail; note that they almost completely overlap 

with the databases that support graph data analytics. We recall from 

the introduction that, in most systems adopting the property graph data 

model, machine learning tasks are mapped to generic pipelines, where 

the specific machine learning method is selected from a general li­

brary, without a specific effort on each method implementation. Table 4 

presents the selected databases alongside the algorithms discussed in the 

previous section, indicating whether each database supports them and 

how.

4.1 . Neo4j

Neo4j [165] is an open-source graph database implemented in Java, 

consistently recognized as the leading and most widely adopted graph 

database, both in research and industry settings. Neo4j is specifically 

designed for property graphs, storing data as a native graph database us­

ing fixed-size physical records and pointers to optimize performance; its 

query language, Cypher [166], serves as a foundational building block 

for the development of a standard Graph Query Language.

Table 3 

Top 20 most used graph DBMSs according to DB-Engines [10], as of January 26th, 2026. For each system, we list the query language, the 

supported data models, the data storage technology, and whether they provide an internal graph data analytics (GDS) Library. In the survey, 

we explore the graph DBMSs supporting property graphs, highlighted in green. In the reported list, the 17th position is missing because 

DB-Engines assigned it to Giraph, which is a graph processing framework.
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Table 4 

Overview of algorithm availability on graph DBMSs that support the property graph data model. Each column represents a specific system and shows how each algorithm 

is supported. The considered graph DBMS versions are detailed in Appendix A. Below follows the used legend; when the technique is supported only through external 

implementations outside of the DBMS we use the special encoding (lowercase letters). We append ‘*’ to indicate parallel computation and ‘+’ to indicate incremental 

analytics).

Neo4j developed its own library, Neo4j Graph Data Science (GDS), 

to easily access and apply graph data analytics algorithms. Before using 

GDS, Neo4j requires the data to be loaded into an in-memory structure 

termed GDS graph. This loading step, known as projection, can be done 

in three ways:

• From a Neo4j database instance, using Cypher to load it from disk 

storage.

• From external sources, via an Apache Arrow [167] connection.

• From an existing GDS graph, by filtering or sampling it.

The GDS graph can be used for any Neo4j GDS procedure and can be 

updated or modified to support additional algorithms/tasks or to store 

analysis results. These updates can then be exported as external data 

or written as properties in the original Neo4j graph, stored in persis­

tent memory. Neo4j GDS procedures include a specific mode designed 

to write results directly back to the database.

4.2 . Azure cosmos DB

Azure Cosmos DB [168] is a closed-source NoSQL database devel­

oped by Microsoft that supports multiple data models, including the 

property graph model. Essentially, Cosmos DB is a document store, 

where nodes and relationships are stored as JSON documents. It en­

ables graph traversal through the use of the Apache Gremlin [169] query 

language.

Azure Cosmos DB does not natively support OLAP queries and, as 

a result, does not inherently include graph data analytics capabili­

ties. To perform graph data analytics algorithms on data contained in 

Cosmos DB, the data must first be prepared for processing. As a result, 

Azure Cosmos DB projects graph data into an external framework, which 

is outside the scope of this survey. However, it is worth noting that 

Cosmos DB can be easily connected to Azure Databricks, which sup­

ports GraphFrames [170], an Apache Spark [171] package dedicated to 

graphs that supports many graph data analytics algorithms.
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4.3 . ArangoDB

ArangoDB [172] is a closed-source, multi-model database designed 

primarily for RDF graphs, but it also supports property graphs. It 

is implemented in C++ for high performance and uses a document-

based storage model. ArangoDB features its own graph query language, 

AQL [173], which is a declarative language closely integrated with its 

JSON-like storage format.

ArangoDB offers Graph Analytics Engines as a service for graph data 

analytics. It follows the approach of projecting data from the database 

into a dedicated in-memory space optimized for OLAP tasks. To use it, 

an engine of the required size must be created, where the entire graph 

from the ArangoDB database is loaded. Once the graph is projected, the 

Graph Analytics Engine provides various graph algorithms for data pro­

cessing. After the computation, the results can be streamed back into the 

original graph. ArangoDB offers a function specifically to choose which 

calculated values to write back to specified properties.

4.4 . OrientDB

OrientDB [174] is an open-source NoSQL database that supports mul­

tiple data models, including property graphs. It is implemented in Java 

and uses a document-based storage system. The database features an 

SQL-like query language and also supports Gremlin for more advanced 

graph traversal queries. However, OrientDB does not provide built-in 

solutions for graph data analytics.

4.5 . Amazon Neptune

Amazon Neptune [175] is a closed-source graph database developed 

by Amazon Web Services (AWS) that supports both RDF graphs and 

property graphs. It is compatible with three popular graph query lan­

guages: Gremlin, Cypher, and SPARQL, the standard query language for 

RDF databases.

For graph data analytics, AWS offers Neptune Analytics as a com­

plement to the Neptune database. Neptune Analytics is a memory-

optimized graph database engine designed for analytics. It stores large 

graph datasets in memory, enabling low-latency queries and providing a 

library of optimized graph analytics algorithms. To create the in-memory 

graph, Neptune Analytics offers two solutions:

• From an Amazon Neptune database instance, or a snapshot of it 

(with a direct connection between services).

• From an Amazon S3 file, a data storage service that can be used to 

transfer data.

As a Neptune Analytics graph, the data can be processed using the built-

in algorithms from its library. Amazon Neptune Database seamlessly 

integrates both the loading of the data and the reverse, allowing results 

to be directly streamed back into the original database with dedicated 

procedures.

4.6 . NebulaGraph

NebulaGraph [176] is an open-source graph database, built in C++
and designed for property graphs. It features its own query language, 

nGQL [177], which is compatible with Cypher.

To support graph data analytics algorithms, NebulaGraph offers 

NebulaGraph Algorithm, a Spark application built on GraphX [19,178]. 

It retrieves graph data from the database using the NebulaGraph Spark 

Connector, and then projects it into a GraphX graph. From there, it ap­

plies graph data analytics algorithms, either from GraphX or custom 

implementations by NebulaGraph. While the database itself is open-

source, in addition to NebulaGraph Algorithm it also provides additional 

algorithms for an enterprise edition whose list of covered algorithms is 

not publicly accessible.

NebulaGraph does not support writing results back to the graph; 

outputs are limited to viewing or CSV export.

4.7 . Memgraph

Memgraph [179] is an open-source, high-performance property 

graph database built in C and C++ using Cypher as the query lan­

guage. Memgraph features a hybrid architecture that allows data storage 

in different modes: in-memory transactional mode (for safer transac­

tions), in-memory analytical mode (not ACID-compliant, but it enhances 

performance), and on-disk (for handling larger datasets).

The Memgraph team developed the Memgraph Advanced Graph 

Extensions (MAGE) library, an open-source repository that provides a 

collection of functions for graph and path querying, along with var­

ious graph data analytics algorithms and machine learning methods. 

Although not strictly required, Memgraph’s in-memory analytical mode 

is often used for MAGE procedures due to the high computational 

demands of some algorithms. This mode is optimized for these proce­

dures, and therefore they can be directly run on the data. Additionally, 

Memgraph allows users to create graph projections, which are smaller 

subgraphs that focus on specific parts of the graph, further improving 

performance. MAGE, as an open-source repository, is designed for easy 

integration with external sources. It supports both external libraries, 

such as NetworkX, and the ability to implement custom procedures in 

C, C++, and Python.

MAGE does not inherently support writing back results, but they can 

be yielded within the database environment and stored via a query.

4.8 . JanusGraph

JanusGraph [176] is an open-source graph database written in Java, 

designed for property graphs. It natively supports Gremlin as its query 

language and uses wide-column stores for data storage.

For graph data analytics and, more in general, OLAP queries, 

JanusGraph can be integrated with Apache Hadoop [180] and Apache 

Spark. In particular, when setting up a JanusGraph instance, its config­

uration can be adjusted to connect directly to a Hadoop cluster. This 

enables the use, within the Gremlin console, of those graph data ana­

lytics algorithms available in the Hadoop framework. It is also natively 

integrated with the Apache TinkerPop [181] graph stack, leveraging its 

suite of graph algorithms for graph data analytics capabilities.

JanusGraph can yield results processed by Apache TinkerPop and 

store them in the original graph.

4.9 . TigerGraph

TigerGraph [182] is a native graph database built in C++ to develop 

and analyze property graphs. TigerGraph is not open-source, but it offers 

a limited free-tier version. Its query language, GSQL [183], combines 

familiar SQL-like features with powerful graph traversal capabilities. 

Unlike other graph databases, TigerGraph has a unique constraint on the 

data schema: only one relationship of the same type can exist between 

any two nodes.

TigerGraph has developed its own graph data analytics library, 

TigerGraph GDS, where algorithms are written as GSQL queries and 

can be run directly on the data. Although performance cannot be opti­

mized by restricting the analysis to a specific subgraph, many individual 

algorithms can filter nodes and relationships based on labels and types.

TigerGraph GDS algorithms support an optional parameter to specify 

whether and to which property the results should be written.

4.10 . Dgraph

Dgraph [184] is a closed-source database designed natively for prop­

erty graphs, built on a key-value storage system. It uses DQL [185], a 

query language that retrieves and navigates graph data in a JSON-like 

format. While DQL includes an implementation of the Shortest Path al­

gorithm, Dgraph does not provide built-in support for broader graph 

data analytics tasks.
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4.11 . Other property graph database systems

While this survey prioritizes the top twenty Graph DBMSs listed by 

DB-Engines, other systems supporting the property graph model offer 

solutions for graph data analytics. These systems align with the cate­

gories previously identified: those developing native internal libraries 

and those relying on integrations with external analytical frameworks.

Among the systems providing extensive native support, Ultipa [186] 

offers a comprehensive library of graph analytics algorithms, compa­

rable in scope to those found in Neo4j, Memgraph, and TigerGraph. 

To achieve high efficiency, Ultipa leverages in-memory or distributed 

projections of the graph data. Similarly, Oracle [187] provides graph an­

alytics capabilities through Graph Studio within the Oracle Autonomous 

Database. Although the data is inherently stored in relational tables, 

Graph Studio allows users to remodel this data into property graphs. 

These graphs are then projected into a specialized in-memory graph 

server, granting access to an extended library of native algorithms 

similar to the leading property graph databases.

A different approach is taken by embedded graph databases, which 

run within the application process. Kùzu [188] is an embedded sys­

tem that natively supports a focused set of five algorithms (PageRank, 

Louvain, K-Core Decomposition, Weakly Connected Components, and 

Strongly Connected Components), relying on projections to ensure 

scalability and performance. Sparksee [189] operates similarly; it is 

integrated at the code level across various programming languages 

and natively offers seven algorithms (PageRank, Weakly Connected 

Components, Strongly Connected Components, Scalable Community 

Detection, Breadth First Search, Depth First Search, Shortest Path). 

VelocityDB [190], an Object/NoSQL database supporting property 

graphs embedded in C#, does not provide a native analytics library. 

However, the architecture of these embedded systems (Kùzu, Sparksee, 

and VelocityDB) facilitates seamless access to external libraries (such 

as NetworkX or C# analytical tools) directly within the application’s 

environment.

Other systems prioritize integration with large-scale processing 

frameworks over native algorithm development. DataStax Graph [191], 

which is built on top of Apache Cassandra, enables graph analytics 

by connecting to the Apache Spark framework. HGraphDB serves as a 

client layer that functions as a property graph database over Apache 

HBase [192]; it integrates with Apache Giraph and Apache Flink Gelly 

to access their algorithmic libraries. AgensGraph [193], a multi-model 

DBMS supporting both relational and property graph models, adopts a 

similar strategy by integrating with Apache Hadoop to perform scalable 

graph data analysis.

4.12 . Algorithms and query languages

Currently, graph databases treat data analytics algorithms as external 

functions or procedures rather than language constructs. For instance, 

both in Neo4j and in Memgraph, algorithm libraries are invoked us­

ing specific procedure calls (e.g., CALL gds.pageRank…). Similarly, 

TigerGraph’s GSQL runs algorithms as parameterized queries, effectively 

acting as function calls.

An exception to this approach is found in traversal algorithms, partic­

ularly Shortest Path, which is often integrated into the traversal ideology 

of graph query languages. Cypher includes specific constructs (e.g.,

SHORTEST) that let the user directly specify the matching logic of graph 

patterns. Gremlin is traversal-centric, allowing shortest path logic to 

be directly expressed as a sequence of steps. GQL, the emerging stan­

dard query language, also embraces this integration by incorporating 

the shortest path as a path pattern prefix, thereby explicitly includ­

ing it among the extraction processes from the graph. Similarly, GSQL 

and nGQL have specific constructs that let users integrate shortest paths 

within their pattern queries.

Memgraph further extends this integration by expanding the lan­

guage to other traversal algorithms. Directly within its Cypher imple­

mentation, it allows users to specify the traversal strategy (using Breadth 

First Search or Depth First Search) as part of the pattern construction 

syntax.

Looking forward, integrating more of the analytical algorithms into 

query languages could enhance the expressiveness of graph databases. 

For example, constructs that let users rank according to centrality mea­

sures (e.g., ORDER BY PageRank) or aggregate over communities (e.g., 

GROUP BY Louvain) could allow users to incorporate complex analyti­

cal metrics dynamically within the MATCH or RETURN clauses. In [194], 

de Graaf introduced GraphAlg, a recent approach for the integration of 

data algorithms within graph database query languages.

5 . Performance evaluation

One of the main contributions of our survey is the performance com­

parison between different Graph DBMSs supporting the property graph 

model. In particular, we selected three systems – Neo4j, Memgraph, and 

TigerGraph – as they provide comprehensive support for graph data 

analytics and also feature native implementations of many algorithms, 

minimizing reliance on external frameworks. Additionally, they offer 

open-source versions for research purposes.

We ran the experiments for Neo4j and Memgraph on a server config­

ured with a 14-core Intel Xeon E5-2660 v4 CPU, 128 GB of RAM, and SSD 

storage. The experiments for TigerGraph were executed on an Amazon 

AWS TG2 computing instance provisioned by TigerGraph Cloud, which 

was equipped with 8 vCPUs, 128 GB of RAM, and SSD storage. All three 

databases, Neo4j, Memgraph, and TigerGraph were tested using default 

configurations with minimal changes to utilize all the available memory.

We chose this configuration due to TigerGraph’s licensing model, 

which restricts full access to the graph data analytics library in the 

free on-premise version. Consequently, the cloud instance represents 

the highest-performance environment available to researchers without a 

paid enterprise license. While we acknowledge the architectural differ­

ences between the on-premise and cloud environments, we ensured that 

memory capacity was identical (128 GB) across all systems. Therefore, 

this comparison reflects the performance of the most capable accessible 

configurations for each DBMS available to the research community.

5.1 . Performance evaluation on synthetic datasets

We tested Graph DBMSs on synthetic datasets [195] of increasing 

size while maintaining similar network characteristics, thus providing 

an initial indicator of the system’s scalability. The datasets were gener­

ated using three different network topologies: Random, Scale-Free, and 

Small-World. For each topology, multiple datasets were created with 

increasing sizes while keeping edge density constant across different 

topologies and sizes. The number of nodes doubled at each step, ranging 

from 100,000 to 3.2 million, and the largest graphs generated contain 

more than 100 million edges.

For each Graph DBMS – Neo4j, Memgraph, and TigerGraph – we 

tested three algorithms on every synthetic dataset: PageRank, Label 

Propagation, and Weakly Connected Components. Each test was re­

peated 10 times, and the averaged results are shown in Fig. 3.

We chose these algorithms for our preliminary analysis because of 

their availability across many different systems. Moreover, we believe 

these three algorithms well represent different graph analytics tasks and 

different computational complexities.

Across all Graph DBMSs, algorithms run faster on Small-World net­

works compared to other topologies. This is likely due to their high 

clustering coefficients and short average path lengths, which lead to a 

small number of iterations needed to propagate information and short 

execution times.

Generally, algorithms exhibit similar execution times on Random 

and Scale-Free networks. However, Label Propagation performs slightly 

better on Random networks across all Graph DBMSs. This is likely 

because edges are more evenly distributed, similar to Small-World 

networks, allowing for fewer iterations in information propagation. 

PageRank, instead, runs faster on Scale-Free networks compared to 

Random networks. This may be because most edges are connected to a 
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Fig. 3. Performance evaluation over synthetic graphs of different sizes and topologies (each column of the plot matrix corresponds to a specific topology: Random, 

Scale Free, and Small World). We consider three graph DBMSs (Neo4j, Memgraph, TigerGraph) over three algorithms: (A) PageRank, (B) Label Propagation, and 

(C) Weakly Connected Components. In general, Neo4j performance is superior in PageRank and Weakly Connected Components, while Memgraph is superior in 

Label Propagation. In the comparison between Memgraph and TigerGraph, we note that TigerGraph outperforms Memgraph in PageRank, Memgraph outperforms 

TigerGraph in Label Propagation, and the two systems perform very similarly in Weakly Connected Components.

few high-degree nodes, enabling the algorithm to quickly identify those 

important nodes and consequently compute centrality for the entire 

network in fewer steps.

5.2 . Performance evaluation on real graphs

To further assess the performance of Graph DBMSs, we tested seven 

widely used graph data analytics algorithms on five real-world graph 

datasets, each with unique network characteristics.

5.2.1 . Benchmark datasets

The structure of graph data is one of the most significant factors 

affecting performance. Therefore, a comprehensive evaluation must con­

sider graphs with diverse characteristics. In [196], a collection of graph 

datasets built from real-world data is proposed, as a benchmark for ma­

chine learning; we selected five of these datasets, based on their network 

characteristics reported in Table 5.
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Table 5 

General network features of the benchmark graph dataset used for performance evaluation.

Graph Dataset Nodes Edges Density Average Node Degree Average Clustering Coefficient Graph Diameter Special Features

ArXiv 169,343 1,166,243 4 × 10−5 13.7 0.226 23 Random network topology

Bio-KG 93,773 5,088,434 6 × 10−4 47.5 0.409 8 Scale-Free network topology

DDI 4267 1,334,889 0.14 500.5 0.514 5 Small-World network topology

Collab 235,868 1,285,465 4 × 10−5 8.2 0.729 22 Strongly connected communities

HIV 1,049,162 1,129,688 2 × 10−6 2.2 0.002 12 Many disconnected components

ArXiv. This dataset is built from the ArXiv [197] citation network 

of Computer Science articles. It forms a homogeneous directed graph, 

where each node represents an article and is linked to the articles it cites. 

The resulting graph consists of 169,343 nodes and 1,166,243 edges, with 

a density of 4𝑥10−5, making it highly sparse.

The graph has an average node degree of 13.7. While the degree 

distribution appears to follow a power law, it decays very rapidly, as 

only a few nodes have significantly more connections than others. As a 

result, the graph does not exhibit a truly scale-free structure. The graph 

has a clustering coefficient of 0.226 (indicating that papers rarely form 

tightly connected communities), and a diameter of 23, which is of the 

same order of magnitude as the logarithm of the number of nodes ∼ 5. 

According to the Erdös–Rényi model [57], this suggests that the graph’s 

structure is similar to that of a random network.

Bio knowledge graph. The Bio Knowledge Graph (Bio-KG) dataset is 

created by merging multiple biomedical data repositories, resulting in a 

heterogeneous, directed graph. It consists of five types of nodes: Disease 

(10,687 nodes), Proteins (17,499), Drugs (10,533), Side Effects (9,969), 

and Protein Function (45,085). The graph includes 51 different types of 

relationships that capture various biological connections. For example, 

it features 38 types of Drug-Drug interactions, 8 types of Protein-Protein 

interactions, as well as relationships between Drugs and Proteins, Drugs 

and Side Effects, and Protein Functions.

Bio-KG contains a total of 93,773 nodes and 5,088,434 edges, result­

ing in a density of 6𝑥10−4. This indicates a highly sparse graph. However, 

it is worth noting that its density is significantly higher compared to 

other datasets. The graph has an average clustering coefficient of 0.409 

and a diameter of 8, showing overall a good level of connectivity among 

nodes; it has an average node degree of 47.5 and its node degree distri­

bution follows the power law, resulting in a Scale-Free structure of the 

network.

Drug-drug interaction. The Drug-Drug Interaction (DDI) graph is undi­

rected and homogeneous, based on the database presented in [198], 

which captures interactions between drugs. In this graph, nodes repre­

sent either FDA-approved or experimental drugs, while each edge indi­

cates a drug interaction, i.e., when taking two drugs together produces a 

significantly different effect compared to taking each drug individually. 

The resulting graph has 4267 nodes and 1,334,889 relationships, with a 

density of 0.14.

While this density is generally considered low, DDI is significantly 

denser compared to other datasets, primarily due to its smaller num­

ber of nodes. The average node degree is 500.5, and the overall degree 

distribution shows that edges are more evenly distributed across nodes, 

partly due to the higher density. The graph also has a relatively high 

average clustering coefficient of 0.514 and a diameter of 5. These char­

acteristics suggest that nodes tend to form tight-knit groups, and any 

node can reach others in just a few steps. Based on these parameters, 

the network structure resembles that of a Small-World network.

Collab. This dataset is an undirected, homogeneous graph constructed 

from a subset of the Microsoft Academic Graph (MAG). Nodes represent 

authors, and edges capture their collaboration network. The resulting 

graph consists of 235,868 nodes and 1,285,465 edges, with a density of 

4𝑥10−5, indicating a highly sparse network. The graph has an average 

node degree of 8.2, and its degree distribution follows a lognormal 

decay. This means that edges are more evenly distributed across the 

network.

While some nodes have more connections than others, the differ­

ence is not extreme, and there are no overwhelmingly dominant hubs. 

The average clustering coefficient is 0.729, which is unusually high for 

a real-world network. This suggests that authors tend to collaborate in 

tightly-knit groups, where an author’s co-authors are also likely to col­

laborate with each other. In contrast, the graph diameter is 22, which is 

relatively large. This indicates a sparse network with limited shortcuts 

between distant authors, suggesting that no highly connected nodes act 

as bridges to efficiently link different parts of the network. Therefore, 

the network structure corresponds to a strongly connected graph with 

several subgraphs representing loosely connected communities.

Molecule HIV. This graph is derived from one of the MoleculeNet [199] 

datasets, resulting in a disconnected, undirected, and homogeneous 

graph. Each connected component represents a molecule, where nodes 

correspond to atoms and edges represent chemical bonds. In total, the 

graph consists of 41,127 components, 1,049,162 nodes, and 1,129,688 

edges, with a density of 2𝑥10−6, indicating an extremely sparse network. 

This is due to the high number of components, each containing fewer 

than 26 nodes on average. This is also reflected in the low average node 

degree of 2.2, a flat degree distribution overall, and a very low aver­

age clustering coefficient of 0.002. The graph has a diameter of 12, but 

due to the large number of disconnected components, this value is not 

a meaningful representation of the overall network structure.

5.2.2 . Performance evaluation

Figs. 4 and 5 present the results of our performance evaluation. Based 

on their popularity and their availability across different Graph DBMSs, 

we selected seven graph data analytics algorithms: (1) PageRank, (2) 

Betweenness Centrality, (3) Label Propagation, (4) Weakly Connected 

Components, (5) Jaccard Similarity, (6) Shortest Path, and (7) Breadth 

First.

We selected popular algorithms from various categories to ensure 

that they would be shared across the systems. The exception is Jaccard 

Similarity: while all three systems support it, TigerGraph does not al­

low for single-pair calculations, making the test not comparable with 

other DBMSs. This limitation applies to other similarity algorithms 

in TigerGraph as well. However, we included Jaccard Similarity to 

represent the Similarity category of algorithms.

These algorithms were tested on the five benchmark datasets pre­

sented. To ensure statistical significance, each test was repeated 10 

times, and the execution times were averaged. Additionally, since the 

last three algorithms (Jaccard Similarity, Shortest Path, and Breadth 

First) depend on specific node selections, the nodes were randomly cho­

sen in advance and kept consistent across all Graph DBMS evaluations. 

Specifically, for Jaccard Similarity and Shortest Path, we tested 100 pairs 

of nodes per run, while for Breadth First, we selected 25 random starting 

nodes.

5.2.3 . Discussion

General remarks. The execution times of the tested algorithms are gen­

erally close, except for Betweenness Centrality, which is the heaviest 

(it may require hours); Jaccard Similarity is the fastest, consistently 
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Fig. 4. Performance evaluation of various graph data analytics algorithm implementations across three graph DBMSs. Each row represents a different algorithm: (1) 

PageRank, (2) Betweenness Centrality, (3) Label Propagation, (4) Weakly Connected Components. The columns correspond to five benchmark datasets: (A) ArXiv, 

(B) Bio-KG, (C) DDI, (D) Collab, and (E) HIV. For each test, the average value, the standard deviation, and error bars of the times measured are reported.

requiring less than one second. By comparing total execution times on 

the five datasets, BioKG and HIV require the longest execution times, 

likely due to their larger number of nodes and edges, while the DDI 

dataset requires the shortest execution time, likely due to its significantly 

smaller number of nodes.

The low standard deviation and error bars indicate that the measure­

ments are consistent. Therefore, we can reliably use the average times 

for further consideration.

When comparing different database systems, TigerGraph generally 

exhibits the worst performance in many use cases. Meanwhile, Neo4j 

and Memgraph outperform each other depending on the dataset and 

algorithm, showing variable performance across different scenarios. 

Notably, TigerGraph performs particularly poorly on HIV, suggesting it 

is more affected by a high number of nodes, while Neo4j in some cases 

has worse performance with BioKG, indicating that its performance is 

worse with a high number of edges.

PageRank. The first row of Fig. 4 presents the execution times of 

PageRank; Neo4j consistently outperforms the others across all five 

benchmark datasets, while Memgraph and TigerGraph exhibit similar 

execution times overall (in accordance with the experiment on synthetic 

datasets).

Betweenness centrality. In four out of five benchmark datasets, 

Memgraph significantly outperforms both Neo4j and TigerGraph. In the 
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Fig. 5. Performance evaluation of various graph data analytics algorithm implementations across three graph DBMSs. Each row represents a different algorithm: (5) 

Jaccard Similarity, (6) Shortest Path, and (7) Breadth First. The columns correspond to five benchmark datasets: (A) ArXiv, (B) Bio-KG, (C) DDI, (D) Collab, and (E) 

HIV. For each test, the average value, the standard deviation, and error bars of the times measured are reported.

HIV benchmark, both Memgraph and TigerGraph exhibit slower exe­

cution times, with Memgraph taking more than 10 times longer w.r.t. 

the other benchmark datasets. This can be explained by the fact that 

Betweenness Centrality requires computing the shortest paths between 

all node pairs, making its execution time highly sensitive to the num­

ber of nodes in the graph. Neo4j exhibits execution times comparable to 

those in other benchmark datasets, suggesting that its implementation 

may benefit from the high number of disconnected components in the 

HIV graph.

Label propagation. Memgraph consistently achieves the fastest perfor­

mance across all benchmark datasets, completing in a fraction of a 

second and appearing unaffected by variations in network structure. 

Neo4j outperforms TigerGraph in most tests, except for the Bio-KG 

dataset.

Weakly connected components. Neo4j consistently outperforms both 

Memgraph and TigerGraph, maintaining similar execution times across 

all datasets. In contrast, Memgraph and TigerGraph exhibit compara­

ble performance, with the most significant differences appearing, as 

expected, in the Bio-KG and HIV datasets.

Jaccard similarity. In the first row of Fig. 5, the execution times of 

the Jaccard Similarity Algorithm are presented. While TigerGraph sup­

ports Jaccard Similarity, its implementation does not allow for pairwise 

comparisons of selected nodes. Instead, it either compares a node to 

all others in the graph or computes all possible pairwise comparisons. 

This approach is not compatible with the tests performed on Neo4j and 

Memgraph, where the algorithm is executed on a specific pair of nodes. 

Therefore, the data for TigerGraph is not available. As previously ob­

served, Memgraph’s execution times appear to be highly sensitive to the 

number of nodes in the graph, as they increase in line with the node 

count across different datasets. In contrast, Neo4j performance is more 

sensitive to the number of edges within the graph.

Shortest path. The second row presents the execution times for the 

Shortest Path algorithm, revealing distinct performance patterns across 

the three graph database systems. Neo4j maintains consistently low ex­

ecution times, with only a slight increase, about four times slower, on 

the Bio-KG dataset. Memgraph, however, exhibits the highest variability, 

suggesting its performance is strongly influenced by different real-world 

network topologies. For example, in the HIV dataset, it significantly out­

performs the other databases, likely benefiting from the high number of 

disconnected components. On the other hand, in the Bio-KG dataset, 

Memgraph performs notably worse than both Neo4j and TigerGraph, 

possibly due to the higher number of edges. Finally, TigerGraph appears 

unaffected by network topology, displaying consistent execution times 

with minimal variation across all datasets. Interestingly, graph diame­

ter, which measures the longest shortest path between two nodes, does 
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not seem to correlate with execution times. A smaller diameter would 

suggest that fewer steps are needed to find the shortest path; yet, the 

DDI dataset, which has the lowest diameter among all datasets, does not 

show better performance than the others.

Breadth first. Memgraph is the fastest across all datasets, and, similar 

to the Shortest Path test, its execution time remains remarkably low. This 

suggests that Memgraph optimizes traversal algorithms to efficiently 

handle disconnected components, further reinforcing its advantage in 

such scenarios. Neo4j exhibits significant variability across different 

datasets. While it achieves low execution times for DDI and HIV, its 

performance declines considerably for ArXiv, Bio-KG, and Collab. The 

slowdown in Bio-KG can be attributed to the higher number of edges, 

similar to other algorithms. However, for ArXiv and Collab, the likely 

cause is their large graph diameter, which negatively impacts Neo4j’s 

performance by requiring the extraction of longer paths. TigerGraph 

demonstrates consistent execution times across most datasets, mirroring 

its behavior in the Shortest Path test, except for a noticeable slowdown 

in Bio-KG.

6 . Conclusion

Graphs are quite powerful in representing various domains of re­

search, and graph databases have emerged as an effective way to model 

and query complex network data.

6.1 . Contributions

In this survey, we describe how data analytics algorithms are sup­

ported by property graph databases, as they provide efficient solutions 

for effectively managing and analyzing graph data. We first exam­

ine a comprehensive list of algorithms frequently offered by different 

graph databases, which are clustered into seven categories (centrality, 

community, cohesiveness, covering, pattern matching, similarity, and 

traversal). Next, we explore how property graph databases implement 

these algorithms efficiently, along with a summary of which systems 

support each algorithm.

Most property graph database management systems support graph 

data algorithms, but their solutions take significantly different direc­

tions. The first approach is to develop a built-in library, making this strat­

egy very accessible and easy to use; among them, Neo4j and TigerGraph 

offer comprehensive solutions, while Amazon Neptune Analytics and 

ArangoDB’s Graph Analytical Engines offer more limited solutions. The 

second approach is integrating data management systems with exter­

nal frameworks for data analytics; among them, Azure Cosmos DB 

allows data export to the Azure environment and JanusGraph to Apache 

Hadoop. The third approach is hybrid, as it combines both the devel­

opment of internal libraries and access to external sources. Memgraph’s 

MAGE includes a large set of built-in algorithms in addition to access 

to external libraries, while NebulaGraph offers a smaller set of native 

algorithms but provides integration with Spark’s GraphX.

Finally, we focus on three property graph databases - Neo4j, 

Memgraph, and TigerGraph - offering accessible and comprehensive 

solutions; we evaluate their performance in implementing popular al­

gorithms on both synthetic datasets — spanning various topologies and 

sizes — and real-world network datasets. In terms of performance, Neo4j 

and Memgraph appear to be the most performing systems, but execution 

times vary significantly depending on the graph size, the graph features, 

and the algorithm tested.

6.2 . Limitations of the study

Our work aims to provide an overview of the landscape of graph 

data analytics within graph database management systems; however, it 

is subject to specific boundaries and limitations.

The scope of this survey is strictly focused on graph data ana­

lytics algorithms, explicitly excluding machine learning pipelines and 

graph learning techniques. This decision is motivated by the current 

state of technology: while graph databases provide well-founded strate­

gies for analytic algorithms, machine learning and graph learning tasks 

are typically not consolidated within database systems. Therefore, in­

cluding them would have expanded the scope beyond the focus on 

database-native capabilities.

Then, we focused our analysis on the top-ranked systems according 

to usage rankings to ensure our findings remain relevant to the largest 

possible community of active users. We also restricted our deeper anal­

ysis to graph databases that support the property graph data model. As 

highlighted in our mapping of systems to algorithms, there is a signif­

icant overlap between systems adopting the property graph model and 

those providing native support for graph data analytics.

Finally, our performance evaluation was strictly limited to sys­

tems offering a free or open-source version (Neo4j, Memgraph, and 

TigerGraph). We excluded enterprise-only solutions for licensing rea­

sons and to provide a practical roadmap for researchers, developers, and 

practitioners who may not have access to commercial licenses, ensuring 

that our results are reproducible and broadly applicable.

6.3 . Outlook

Users choosing a graph database should carefully consider their ap­

plication, e.g., the type of analysis they need to perform. Our analysis 

guides the choice of the best solution for different applications and 

settings.

We lay the foundations for the guidelines for a design space for ana­

lytics in graph databases. A critical step in this workflow is the efficient 

transfer of data from transactional storage to an environment optimized 

for analytics. This concept of projection, and its interaction with the per­

sistent graph, serves as the pivot upon which effective graph analytics 

relies.

By organizing these algorithms into a clear taxonomy and detailing 

how current systems support them, we have identified critical gaps and 

emerging opportunities for the future of graph data analytics.

As shown in Table 4, support for algorithms is highly variable. While 

centrality and community detection are widely supported, other cat­

egories are more neglected. Offering a more balanced assortment of 

algorithms across diverse categories would enable users to conduct more 

detailed analyses, significantly enhancing the utility of these systems.

Another significant opportunity exists to integrate analytics directly 

into languages like Cypher, GQL, or GSQL. Currently, most algorithms 

are treated as external functions rather than first-class citizens of the 

query language. Taking inspiration from how some query languages in­

tegrate specific traversal algorithms, future standards could allow users 

to use algorithmic results dynamically within queries.

Finally, regarding practical future steps, the community needs to 

study additional systems in greater detail. There is a need to understand 

how these other systems handle graph analytics and to perform tech­

nical performance evaluations, including on the closed-source solutions 

listed but not yet tested. Beyond the scope of this survey, there is a need 

to expand efforts into other areas of graph data science. For instance, 

while this survey focused on the central analytics workflow, future re­

search should investigate how different databases handle data ingestion 

and result writing. Another promising direction involves understand­

ing how graph databases support machine learning and graph learning

tasks.
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Appendix A . System specification

Versions of the considered graph databases and the related GDS 

libraries are reported in Table A.6.

Table A.6 

Versions of the graph database systems and GDS libraries 

studied in this survey. Since Azure Cosmos DB does not use 

release numbers, we evaluated the version available as of 

January 26th, 2026.

Graph Database DBMS Version GDS Library Version

Neo4j 5.26 2.25

Azure Cosmos DB – –

ArangoDB 3.12 3.12

OrientDB 3.2.48 –

NebulaGraph 3.8 3.8

Amazon Neptune 1.4.6.3 1.4.6.3

Memgraph 3.7.2 3.7.2

JanusGraph 1.1 1.1

TigerGraph 4.2 3.10

Dgraph 25.1 –

Data availability

Data will be made available on request.
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