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Graph-related technologies, including social networks, transportation systems, and bioinformatics,

are continually evolving in various application domains. The advancement of these technologies often
relies on high-quality graph datasets for validating performance, such as scalability and time/space
complexity. However, existing datasets are typically categorized by domains or types, lacking an
explicit organization by scales and a wide range of scale levels. This situation may hinder comprehensive
performance validations. This paper introduces an open graph dataset organized by scales named
OGDOS. The dataset encompasses 470 preset scale levels, covering node counts from 100 to 200,000
and edge-to-node ratios from 1 to 10. The dataset combines scale-aligned real-world graphs and
synthetic graphs, offering a versatile resource for evaluating various graph-related technologies. This
paper also presents the OGDOS's construction process, provides a technical validation, and discusses its
limitations.

Background & Summary
. Graph is a fundamental data model that encodes entities and their relationships as nodes and edges, respectively,
: thereby facilitating the analysis and understanding of complex relational data. Graphs have played critical roles
across a vast array of application domains, including social networks, transportation systems, bioinformatics,
and scholarly citation networks!~.

In recent years, graph-related algorithms®~, such as community detection algorithms, graph sampling
algorithms, and centrality analysis algorithms, have continuously advanced. Graph visualization methods®’,

. such as force-directed layout algorithms and graph rendering techniques, have been continuously improved.
. Well-established graph libraries and computing systems'~'%, such as NetworkX, Pregel, and G6.js, provide
: increasingly powerful and flexible tools for researchers and developers.

The abovementioned technological advancements are closely tied to the availability of high-quality graph
datasets. The introduction of new algorithms requires running on graph datasets to validate scalability, time/
space complexity, and stability'*-'°. Improvements in graph visualization methods require testing on graph data-

© sets to assess the quality of graph layouts and the performance of graph rendering!®!”. Newly released graph
. libraries and computing systems need to analyze graph datasets to ensure the efficient integration of innovative
. features'®-2.

: Currently, many open graph datasets exist to support the advancement of graph technologies. We list the
. well-known open graph datasets in Table 1. These datasets have provided different explicit categorizations to
. support various research purposes. Common categorization perspectives include application domains (e.g.,
. social networks, web networks, and transportation networks), data sources (e.g., Twitter, citation databases, and
. the human brain), and graph types (e.g., directed or undirected graphs, dynamic or static graphs, and planar
* or nonplanar graphs). Most of the datasets allow for categorizations by application domains or data sources to
. facilitate domain-specific research. A small number of datasets allow categorization by graph types, supporting
. the analysis of distinct graph structures. Additionally, there are domain-specific datasets designed for targeted
: applications, such as Transportation Networks?! for traffic assignment, Graph Layout Benchmark Datasets** for
* layout algorithms, and the Open Graph Benchmark® for graph machine learning, which facilitate research and
. development in their respective fields.

However, existing open graph datasets rarely categorize graphs explicitly according to scale levels. This sit-
uation is generally reflected in two aspects. First, existing datasets do provide the basic scale information of
each graph, such as the number of nodes and edges, but they commonly do not organize graphs into distinct
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Name URL Classification Perspectives Target Applications

Network Repository*** https://networkrepository.com/ Data sources, Application domains | \

UCI Network Data repository**° https://networkdata.ics.uci.edu/ Data sources, Application domains | \

SNAP##! https://snap.stanford.edu/data/ Data sources, Application domains | Graph algorithmic benchmarks
Network corpus*#? gt)trr;)s‘:l/s/glthub.com/mlcrograwtas/network» Data sources, Application domains | \

SocioPatterns**? http://www.sociopatterns.org/datasets/ Data sources, Application domains | \

HIN-Datasets-for-Recommendation-
and-Network-Embedding**

https://github.com/librahu/HIN-Datasets-for-
Recommendation-and-Network-Embedding

Data sources, Application domains

Network embedding and recommendation

https://github.com/bstabler/

TransportationNetworks?! TransportationNetworks Data sources, Application domains Traffic assignment
FirstCourse NetworkScience*** 2t;§féé% ;?euﬁ.ect(‘)vn;ilgsacl?eirclggeUmversnyPress/ Data sources, Application domains | \

https://visdunneright.github.io/gd_

Data sources, Application domains,

Graph Layout Benchmark Datasets*?? Layout algorithms benchmark

benchmark_sets/ Graph types
House of Graphs*® https://houseofgraphs.org Graph types Graph theroies analysis
Open Graph Benchmark® https://ogb.stanford.edu/ Applications domains Machine learning on graphs

Table 1. The list of well-know graph datasets, detailing with the categorization perspectives and the target
applications they provided. Datasets marked with “*” indicate that some graphs have been processed and
integrated into OGDOS.

scale categories. Second, existing datasets may not fully cover a wide range of scale levels. That is, some scale
levels may be absent in a graph dataset. A scale-oriented dataset is essential for research and development in
graph-related technologies. The main reason is that the relationship between the scalability of a graph-related
technique and the scale of the graph is complex?**. Evaluation experiments that are conducted on a graph
dataset covering wide-range graph scales are necessary to comprehensively assess the relationship between the
scalability and graph scales.

To address these limitations, we present an approach involving an open graph dataset organized by a scale
named OGDOS. Our OGDOS categorizes graphs into 47 node-scale levels (ranging from 100 to 200,000 nodes)
and 10 edge-to-node ratio levels (ranging from 1 to 10), resulting in 470 unique graph scale levels. OGDOS care-
fully selects reliable graph data from both real-world and synthesized sources, offering comprehensive coverage
of these graph scale levels. Additionally, OGDOS covers various application domains, such as social networks,
transportation, and biology. It also covers various graph types, including scale-free networks and small-world
networks.

Methods

The construction process of OGDOS follows a tabular-filling approach. First, we predefined the node and
edge scale levels of OGDOS to explicitly cover a wide range of graph scales. Second, we prioritized selecting
real-world graphs from common graph datasets to cover the predefined scale levels in OGDOS, ensuring that
OGDOS includes high-quality real-world graphs and covers multiple graph application domains. Finally, we
generated diverse types of synthetic graphs with rich topological structures to cover the remaining scale levels.
The source types of the graphs in OGDOS are provided in Table 2. The detailed methods for these three steps are
provided in the following sections.

Presetting Graph Scale Levels. We preset the graph scale levels in OGDOS on two dimensions: node scale
levels and edge scale levels. Users generally consider node scales, rather than edge scales, as the primary factor
when evaluating the size of a graph. Therefore, we used the node count to define the node scale levels as the main
factor and used the edge-to-node ratio (i.e., the number of edges divided by the number of nodes) to define the
edge scale levels as the secondary factor.

The node count in OGDOS ranges from 100 to 200,000, covering a wide variety of graph application sce-
narios. Pilot experiments on common graph-related applications (e.g., graph visualization and centrality anal-
ysis) indicate that without costly acceleration technologies, processing graphs with more than 200,000 nodes
on mainstream desktop computers is prohibitively time-consuming. As a result, the maximum node count was
capped at 200,000. Within this range, we preset 47 node scale levels distributed across four progressively increas-
ing intervals. In particular, for nodes ranging from 100 to 1,000, we predefined 10 levels with an interval of 100
nodes. For number of nodes ranging from 1,000 to 10,000, we predefined 9 levels with an interval of 1,000 nodes.
For number of nodes ranging from 10,000 to 100,000, we selected 18 levels with an interval of 5,000 nodes. For
number of nodes ranging from 100,000 to 200,000, we selected 10 levels with an interval of 10,000 nodes. This
approach provides fine-grained scale levels for small- to medium-size graphs while offering coarser-grained
scale levels for large-size graphs, thus meeting the evaluation needs of a wide range of graph applications.

The edge scale levels were preset from 1 to 10 edge-to-node ratios with a fixed interval. These edge scale
levels cover a variety of graph types. For example, sparse graphs (e.g., transportation, biological, and logistics
networks) typically exhibit edge-to-node ratios of approximately 1%, whereas small-world graphs? (e.g., brain
networks, power grids, and social networks) tend to have edge-to-node ratios within 10. Scale-free graphs (e.g.,
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Edge-to-node Ratios

Source Type 1 2 3 4 5 6 7 8 9 10

100 Real-O Real-O Real-O Real-T Real-T Real-T Syn-S Real-T Syn-S Syn-S
200 Real-O Real-O Real-O Real-O Real-O Real-T Real-O Real-T Syn-S Syn-S
300 Real-O Real-O Real-T Real-T Real-T Real-O Syn-S Syn-S Syn-S Syn-S
400 Real-O Real-T Real-T Real-T Syn-F Syn-S Real-T Syn-S Syn-S Syn-S
500 | Real-T Real-T Real-T Real-T Real-T Syn-F Real-T Syn-S Syn-S Real-O
600 | Real-T | Real-T Real-T Real-T Syn-F Real-T | Syn-S Real-T | Syn-S Real-T
700 | Real-O Real-T Real-T Syn-F Real-O Syn-F Real-T Syn-S Syn-S Syn-S
800 Real-T Real-T Real-T Real-T Real-T Real-O Syn-S Real-T Syn-S Syn-S
900 Real-T Real-T Real-T Real-T Real-T Syn-F Syn-F Real-O Syn-S Syn-S
1k Real-O Real-T Real-T Real-T Real-T Real-O Real-T Syn-F Syn-S Real-T
2k Real-O Real-T Real-O Real-T Real-T Real-T Real-T Real-O Syn-S Real-T
3k Real-T Real-T Real-T Real-T Syn-F Real-T Syn-F Syn-F Syn-S Syn-S
4k Real-O Real-O Real-T Real-T Real-O Real-T Syn-F Syn-F Real-O Syn-S
5k Real-T Real-T Real-O Real-T Syn-F Real-O Real-T Syn-F Syn-S Syn-S
6k Real-T Real-T Real-T Syn-F Syn-F Real-T Real-T Real-T Syn-S Syn-S
7k Real-T Real-O Real-T Real-T Real-T Real-T Real-T Real-T Syn-S Syn-S
8k Real-T Real-O Real-T Real-T Real-O Syn-F Syn-F Syn-F Syn-S Syn-S
9k Real-T Real-T Real-T Real-T Syn-F Real-T Syn-F Syn-F Syn-F Syn-S
10k  |Real-T Real-O Real-O Real-T Real-T Real-T Real-T Real-T Syn-F Real-T
15k |Real-T Real-T Real-O Real-T Real-T Real-T Real-T Syn-F Syn-F Real-T
20k | Real-T Real-T Real-O Real-T Real-O Syn-F Syn-F Real-T Syn-F Syn-S
25k | Real-T Real-T Real-T Syn-F Syn-F Syn-F Real-T Syn-F Syn-F Syn-F
30k | Real-T Real-T Real-T Real-O Syn-F Syn-F Real-O Syn-F Syn-F Syn-F
Node Scales |35k  |Real-T Real-T Real-T Real-O Real-T Syn-F Syn-F Real-T Syn-F Syn-F
40k  |Real-T Real-O Real-O Real-T Syn-F Real-T Real-T Real-O Syn-F Syn-F
45k |Syn-F Real-T Syn-F Real-T Real-T Syn-F Syn-F Syn-F Syn-F Syn-F
50k | Syn-F Real-T Real-T Real-T Real-T Real-T Syn-F Syn-F Syn-F Syn-F
55k | Syn-F Real-T Syn-F Real-T Real-T Syn-F Syn-F Syn-F Real-O Syn-F
60k | Real-T Real-T Syn-F Real-T Real-T Real-T Syn-F Syn-F Syn-F Syn-F
65k | Syn-F Real-O Real-T Syn-F Syn-F Syn-F Real-T Syn-F Syn-F Syn-F
70k  |Real-T Real-T Real-T Syn-F Syn-F Syn-F Syn-F Syn-F Syn-F Syn-F
75k | Syn-F Real-T Real-T Syn-F Real-T Real-T Syn-F Syn-F Syn-F Syn-F
80k |Real-T Real-T Syn-F Syn-F Syn-F Real-T Syn-F Syn-F Syn-F Syn-F
85k  |Syn-F Real-T Real-T Real-T Syn-F Syn-F Syn-F Syn-F Syn-F Syn-F
90k  |Real-T Syn-F Syn-F Real-T Syn-F Syn-F Syn-F Syn-F Syn-F Syn-F
95k | Real-T Syn-F Syn-F Syn-F Syn-F Syn-F Syn-F Syn-F Syn-F Syn-F
100k | Syn-F Real-T Real-O Syn-F Syn-F Syn-F Syn-F Syn-F Syn-F Syn-F
110k | Real-T Real-T Syn-F Syn-F Syn-F Syn-F Syn-F Syn-F Syn-F Syn-F
120k | Real-T Syn-F Real-T Syn-F Syn-F Syn-F Syn-F Syn-F Syn-F Syn-F
130k | Real-T Syn-F Real-T Real-T Syn-F Syn-F Syn-F Syn-F Syn-F Syn-F
140k | Real-T Syn-F Real-O Real-T Syn-F Syn-F Real-T Syn-F Syn-F Syn-F
150k | Real-T Real-O Syn-F Real-T Real-T Syn-F Syn-F Syn-F Syn-F Syn-F
160k | Real-T Real-T Syn-F Syn-F Syn-F Syn-F Syn-F Syn-F Syn-F Syn-F
170k | Real-T Real-T Syn-F Syn-F Syn-F Syn-F Syn-F Syn-F Syn-F Syn-F
180k | Syn-F Real-T Syn-F Real-T Syn-F Syn-F Syn-F Syn-F Syn-F Syn-F
190k | Syn-F Syn-F Real-O Real-T Real-T Syn-F Syn-F Syn-F Syn-F Syn-F
200k | Syn-F Syn-F Real-T Real-T Real-O Syn-F Syn-F Syn-F Syn-F Syn-F

Table 2. The source types of graphs in OGDOS. Each cell corresponds to a specific combination of a preset
node count (rows) and edge-to-node ratio (columns). The Real-O represents an original real-world graph, and
the Real-T represents a real-world graph after tuning. Syn-S represents a synthesized small-world graph, Syn-F
represents a synthesized scale-free graph.

social networks, internet topology, and scientific collaboration networks) typically have edge-to-node ratios
between 1 and 5, with some reaching between 6 and 10, although very few exceed 10%.

Each combination of a node scale and an edge scale corresponds to a scale level in OGDOS, resulting in a
total of 470 scale levels (47 node scale levels x 10 edge-to-node ratios). All graphs in OGDOS were standardized
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as simple graphs, with edges and nodes being attribute-free and content-agnostic, ensuring uniformity across
graphs from different sources in OGDOS.

Selecting and Tuning Real-world Graphs.  We selected real-world graphs from the common datasets in
Table 1 to cover the corresponding scale levels in OGDOS. However, graphs that perfectly match the preset scale
levels are rare. In practice, many graphs exhibit slight deviations from our preset scale levels. These graphs were
utilized by fine-tuning their scale with a consideration to preserve their overall structural properties. The process
for selecting and tuning real-world graphs is as follows:

« Step 1: Finding the target scale levels. We traverse the predefined list of node scale levels and calculate the
numerical difference between each level and the node count in the current graph. The node scale level with
the smallest difference is selected as the target node scale. Similarly, the target edge-to-node ratio is selected
by comparing the current graph’s edge-to-node ratio with the predefined ratios. The combination of the target
node scale and edge-to-node ratio is identified as the target scale level.

o Step 2: Determining how to adjust. The quality of the selected real-world graphs is retained only by retaining
graphs where both the node count and the edge-to-node ratio are between 95% and 110% of the target scale
level. On the basis of the current graph’s node count and edge-to-node ratio, we categorize these graphs into
two scenarios. (1) If the node count of the current graph is between 95% and 105% of the target node scale
and its edge-to-node ratio is also between 95% and 105% of the target ratio, then the scheme is retained. In
this case, the graph is considered sufficiently close to the target scale levels, and it is selected without modifica-
tion. (2) For graphs that fall outside this threshold, we adjust the node and edge counts of the current graph. If
the node count exceeds 105% of the target node scale, then the number of nodes is initially reduced via Step 3,
and the edge-to-node ratio is further evaluated. If the edge-to-node ratio exceeds 105% of the target ratio,
then the number of edges is reduced via Step 4. Adjusted graphs are selected to represent the corresponding
scale levels.

« Step 3: Reducing the number of nodes. The nodes in the current graph are ranked in ascending order by
degree, and excess nodes and their connected edges are removed until the node count falls within 105% of
the target node scale to preserve nodes that significantly affect the overall graph structure. We also skip the
removal of a node when its deletion increases the number of connected components in the graph®.

o  Step 4: Reducing the number of edges. An edge is considered to have minimal impact on the overall structure
of a graph if it satisfies the following two conditions: (1) its removal does not increase the number of con-
nected components in the graph®, and (2) its removal does not reduce the number of closed triplets, thereby
preserving the global clustering coefficient (GCC) of the graph. The GCC is defined as the ratio of closed
triplets (triangles) to all possible triplets (two edges with a shared node) in a graph. A higher GCC indicates
denser local clustering of nodes, which is often associated with richer topological structures®*2. Edges meet-
ing both conditions are prioritized for removal until the edge-to-node ratio is reduced to within 105% of the
target ratio.

Moreover, all complex graphs are first converted to simple graphs before selection and tuning and are then
marked as fine-tuned graphs in Table 2. As a result, out of 224 real-world graphs, 49 were selected without mod-
ification, whereas 175 were selected after converting or fine-tuning.

Generating Synthetic Graphs.  For scale levels with edge-to-node ratios ranging from 1 to 10 and not cov-
ered by real-world graphs, we opted to generate small-world or scale-free networks to cover corresponding scale
levels for two reasons. First, many real-world networks exhibit small-world and scale-free properties. For exam-
ple, in real-world networks such as social networks, the internet, and genetic networks, nodes may not be directly
connected but can be reached through relatively short path lengths, which are characteristic of small-world net-
works**?4, In financial, propagation, and internet architecture networks, a small number of nodes play a crucial
role in connecting various parts of the network, displaying scale-free behavior***>%*. Second, these two types of
networks offer richer graph structures than randomly generated networks do, which are essential for supporting
graph applications that require more complex topological features.

We generated small-world networks for scale levels that satisfied the condition n>k>In(n), where n rep-
resents the number of nodes and k represents the edge-to-node ratio. Graphs meeting this condition are
considered to have many sparsely connected nodes and rich structural topologies, which supports certain
graph-theoretic applications”. We used the watts_strogatz_graph function from NetworkX to generate a
small-word graph'?, with the rewiring probability p set to the commonly used value of 0.025. The graphs gener-
ated by the Watts-Strogatz model in this function exhibit key properties similar to those of real-world networks,
such as homophily (the tendency of similar nodes to connect) and weak ties (connections that bridge distant
clusters)32.

For the remaining scale levels, we used the barabasi_albert_graph function from NetworkX to generate
graphs'®. The Barabdsi-Albert model is a fundamental model for constructing normal scale-free networks®.
However, the graphs generated by this method may not have rich topological structures to support common
graph applications. Similar to Step 4 in last section, we used the GCC as an indicator of structural richness to
evaluate the quality of the generated scale-free graphs. For each combination of a node scale and an edge scale,
we generated 20 graphs and selected the graph with the highest GCC to represent the graph scale level*"*2.

Thus, among the 246 synthetic graphs, 40 are small-world graphs, and 206 are scale-free graphs.
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Distance
Metrics Kolmogorov-Smirnov Distance (KSD) Skew Divergence Distance (SDD) L2-normalization Distance (L2ND)

Fine-tune* | RE RNE TIES Fine-tune* | RE RNE TIES Fine-tune* | RE RNE TIES
giesgtl::ution 0.138 £0.014 | 0.480 +0.036 | 0.142 £ 0.026 | 0.153 £ 0.014 | 0.008 + 0.002 | 0.023 + 0.003 | 0.008 + 0.002 | 0.005 + 0.001 | 0.052 + 0.01 0.153 £0.014 | 0.048 4+ 0.01 0.092 +0.006
gi‘:;::il:)i 0.072 £0.019 | 0.332 £0.039 | 0.077 4 0.019 | 0.077 £ 0.011 | 0.005 =+ 0.002 | 0.019 =+ 0.003 | 0.006 = 0.002 | 0.003 =+ 0.001 | 0.036 =+ 0.009 | 0.127 £ 0.015 | 0.034 + 0.009 | 0.082 =+ 0.007
P];aifz'li(;:tli(on 0.137 £0.019 | 0.415 +0.024 | 0.154 +0.024 | 0.420 + 0.026 | 0.011 +0.002 | 0.011 +0.002 | 0.018 £ 0.002 | 0.019 +0.003 | 0.065 +0.012 | 0.161 + 0.009 | 0.064 +0.012 | 0.163 +0.011

Table 3. Results of technique validation experiment. Mean KSD, SDD, and L2ND values with standard error
(95% confidence intervals) for degree, clustering coefficient, and PageRank distributions measured across all
77 fine-tuned scale levels. For our fine-tuning approach (indicated by “*”), structural metrics were computed
between the original and fine-tuned graphs for each level. For the reference methods, the original simple graph
was sampled five times per scale level (with the edge count adjusted to match that of the fine-tuned version),
and the metrics were computed in the same way. Values close to zero indicate high similarity between the
distributions.

Data Records
OGDOS collection.  The proposed OGDOS?” are available in the following figshare repository: https://doi.org/
10.6084/m9.figshare.27992339. The source types of the graphs in OGDOS are provided in Table 2. All real-world
graphs in OGDOS are sourced from well-known graph datasets listed in Table 1 and have undergone careful
selection and refinement. The process of selecting and refining these graphs is documented in the ‘py’ files in the
Code folder.

The data accessibility is facilitated by storing each graph in OGDOS as a “json” file in a specific directory path,
which reflects its corresponding scale levels. For example, a “json” file located at the “...\OGDOS \ 100\ 1 \”
folder represents a graph with a node scale of 100 and an edge-to-node ratio of 1.

Technical Validation

In constructing OGDOS, we applied a fine-tuning approach on a subset of real-world graphs to adjust the num-
bers of nodes and edges for matching predefined scale levels. This process selectively removes nodes and edges
with the goal of preserving the original structural properties. To verify the preservation, we conducted a valida-
tion experiment.

Metric Selection.  We assessed the similarity between the original and fine-tuned simple graphs by com-
paring three common structural distributions (the degree distribution (DD), clustering coeflicient (CC), and
PageRank (PR) distribution), using three distance metrics®. Specifically, Kolmogorov-Smirnov Distance (KSD) is
defined as the maximum absolute difference between the cumulative distribution functions of the distributions,
providing a global measure of distributional change. Skew Divergence Distance (SDD) quantifies differences
between the histogram representations of the distributions, effectively capturing the difference in their overall
distribution shapes. L2-normalization Distance (L2ND) is calculated as the normalized L2 norm of the differ-
ences between the histograms, offering a scale-independent measure of the magnitude of changes. For the three
distance metrics, values close to zero indicate high similarity between the structural distributions of the original
and fine-tuned graphs.

Reference Methods. Our fine-tuning approach can be regarded as an edge sampling method combined
with node removal. Therefore, we selected three reference edge sampling methods, namely, Random Edge
Sampling (RE), Random Node-Edge Sampling (RNE), and Totally Induced Edge Sampling (TIES). RE is a basic
edge sampling method that serves as a foundational baseline. RNE and TIES represent sophisticated techniques
designed to respectively balance local node properties and global structural features.

Experimental Design. We evaluated our fine-tuning approach across all 77 fine-tuned graph scale levels.
For our fine-tuning approach, structural metrics were computed between the original and fine-tuned simple
graphs for each level, and results were averaged. For the reference methods, the original simple graph was sam-
pled five times per scale level (with the edge count adjusted to match that of the fine-tuned version), and the
metrics were computed and averaged in the same way.

Results and Analysis. Table 3 summarizes the results. Our fine-tuning approach consistently produces KSD
values below 0.16, SDD values below 0.02, and L2ND values below 0.08 across all the three distributions, indicat-
ing that the fine-tuned graphs closely resemble the original graphs in terms of the structural properties.

In further comparison with the reference methods, our fine-tuning approach demonstrates superior perfor-
mance for all KSD metrics across the three distributions, likely because our approach effectively preserves the
nodes and edges that significantly impact the graph’s structural properties. For all SDD metrics, our approach
outperforms RE, is comparable to RNE, and slightly trails TIES in the degree and clustering coefficient distribu-
tions, likely due to TIES’s global optimization strategy, whereas our method emphasizes local node degree and
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connectivity. For all LZND metrics, our approach surpasses both RE and TIES and performs on par with RNE,
underscoring its effectiveness in minimizing magnitude differences.

Usage Notes

OGDOS is a collection of multiscale simple graphs; thus, it is a versatile resource for evaluating various
graph-related technologies. The dataset supports fundamental graph computing methods (e.g., graph partition-
ing, graph traversal and random walks), graph visualization methods (e.g., graph simplification, graph layout
and graph rendering) and graph analysis methods (e.g., hotspot analysis, propagation modeling, and epidemic
prediction).

OGDOS allows the evaluation of these technologies along two key dimensions: node scale and edge scale.
Regarding node scale, the dataset encompasses graphs with node scales ranging from 100 to 200,000. By select-
ing graphs with a uniform edge-to-node ratio and applying the corresponding techniques across different node
scales, researchers can obtain approximate performance metrics (e.g., processing time, visualization frame rates,
and memory usage) across multiple node scales. This strategy enables node-centric evaluations of how the per-
formance of various methods changes with node scales. Similarly, by selecting graphs with a uniform node
scale levels and applying the corresponding techniques across different edge-to-node ratios, OGDOS enables
edge-centric evaluations of how the performance of various methods changes with edge scales.

OGDOS also exhibits several limitations that should be considered:

Simple, attribute-free storage format. Graphs in OGDOS are stored in a simple, attribute-free format,
which conceals attribute differences across various graph sources (e.g. real-world or synthesized sources). While
this design facilitates a broad range of fundamental performance evaluations, it restricts the OGDOS’s applica-
bility for tasks requiring specific node or edge attributes or complex graph structures, such as protein interaction
networks, dynamic graph learning, or graph-based recommendation systems. Notably, some graphs in OGDOS
originate from real-world datasets and include detailed attributes; users seeking such information are encouraged
to consult the original sources (indicated by “*” in Table 1).

Scale-based organization. OGDOS is uniquely organized by node scale and edge-to-node ratio, which is
sufficient for general performance evaluations. However, many public datasets also classify graphs by domains,
types, or additional structural features. Incorporating these dimensions through further subdivision of each scale
level could enhance the dataset’s utility. Future work may consider integrating these additional classification
criteria.

Variable node scale intervals. OGDOS employs fine-grained intervals for small graphs (e.g., 100-1,000
nodes at intervals of 100) and coarser intervals for large graphs (e.g., 100k-200k nodes at intervals of 10k), to
capture the non-linear performance changes of many graph-related techniques. While this design can effectively
highlight overall performance trends, it provides only approximate estimates for applications that require eval-
uation at specific scales (e.g., exactly 1,050 or 10,051,500 nodes). In such cases, users may need to interpolate or
extrapolate the available performance metrics.

Code availability

The code for processing real-world graphs is publicly available in the Supplyment Information. The repository
includes instructions on how to convert the format of source files, how to judge and fine-tune complex graphs,
how to find the target scale levels, and how to filter and refine real-world graphs. All synthetic graphs in OGDOS
are generated using the barabasi_albert_graph or watts_strogatz_graph functions from Python NetworkX library
(version 2.8.8), which offers flexible functions and parameters (such as target node scale and edge-to-node ratio)
to generate the desired graph datasets.
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