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ABSTRACT
The rapid development of network science and technologies de-
pends on shareable datasets. Currently, there is no standard practice
for reporting and sharing network datasets. Some network dataset
providers only share links, while others provide some contexts or
basic statistics. As a result, critical information may be unintention-
ally dropped, and network dataset consumers may misunderstand
or overlook critical aspects. Inappropriately using a network dataset
can lead to severe consequences (e.g., discrimination) especially
when machine learning models on networks are deployed in high-
stake domains. Challenges arise as networks are often used across
different domains (e.g., network science, physics, etc) and have com-
plex structures. To facilitate the communication between network
dataset providers and consumers, we propose network report. A
network report is a structured description that summarizes and con-
textualizes a network dataset. Network report extends the idea of
dataset reports (e.g., Datasheets for Datasets) from prior work with
network-specific descriptions of the non-i.i.d. nature, demographic
information, network characteristics, etc. We hope network reports
encourage transparency and accountability in network research
and development across different fields.
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1 INTRODUCTION
Scientists use networks as representation to understand and model
complex systems including social, biological, neural, and techno-
logical systems [41]. Networks are also at the heart of industrial
applications, empowering products from Google [45] to Facebook,
CISCO, and Twitter. Recently, machine (deep) learning on graphs
and networks has received increasing attention in major confer-
ences, driving real-world applications such as drug discovery [61],
recommender systems [60] and protein structure prediction [25].

Sharing and using standard datasets accelerate advancements
in science and technology [2]. Through our random investigation
on over 10 papers presenting new network datasets (including
their associated websites), we found that they describe network
datasets in only 1-2 short paragraphs listing the genre and basic
statistics. As different network dataset providers make their own
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Figure 1: Spring posi-
tioned visualization
for a Watts Strogatz
Graph [43] with 1000
nodes and 3204 edges

Figure 2: Image exam-
ples with instance seg-
mentation from Coco
dataset on its official
website [33]

effort in documenting the datasets, important information is often
unintentionally omitted. Various data quality issues in common
network benchmarks have been pointed out recently [22, 53].

In natural language processing (NLP), researchers have found
that critical information such as ‘what language is included’ is often
omitted [3]. Proposals have been made and adopted to standardize
how to document NLP datasets [4]. To address the gap in docu-
menting datasets for machine learning (ML) more broadly, Gebru
et al. [16] proposed Datasheets for Datasets, which quickly became
the norm for data reporting in industry and academia.

However, networks are ubiquitous and have unique properties
that warrant an extension of these formats. First, networks are
created and researched across different areas and domains (e.g.,
computer science, physics, biology, etc). Assumptions and prac-
tices are not always shared across these communities, therefore
increasing the need for structured communication. Take for exam-
ple a social network dataset. Social science researchers build the
social network through surveys, interviews, etc, and conduct social
science research. Network science researchers study the commu-
nity structure. ML researchers study how to predict links. High
performance computing researchers study how to compute social
networks efficiently. Thus reporting network datasets should gener-
alize to different areas and domains. Second, networks have complex
structures and (often) contain thousands (millions) of nodes, so it is
hard to communicate what a network ‘looks like’. Lists and tables
are often easier to illustrate. Often one can show a representative
instances of e.g., a computer vision dataset (images with object
annotations as shown in Figure 2). In contrast, for networks, vi-
sualizing an instance (entity/node) and its neighbourhood does
not reveal the structure of the whole network (sometimes even
visualizing the neighbourhood could be hard). Another way to
communicate what a network ‘looks like’ is to visualize the whole
network. Unfortunately, visualizing large networks has proven
to be difficult (as shown in Figure 1) [30]. Thus, basic statistics
(e.g., degree) over networks are used as a tool to communicate net-
work characteristics. Moreover, the relational nature of networks
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make data collection and preparation more complex. There are data
preparation operations unique to networks that are not covered
by previous proposals for reporting datasets. For example, dataset
providers can transform a network dataset based on its structure
(e.g., extracting k-cores). Some data preparation operations that
may be less emphasized in tabular data preparation could have un-
intended and complex effects on the network structure due to the
non-i.i.d. nature of networks (i.e., nodes/samples are not observed
i.i.d.). For instance, randomly sampling a scale-free network (i.e.,
degree distributions that roughly follow a power law) could result
in a sub-network that is not scale-free [51]. These statistical pitfalls
should be documented by network providers.

Current practice in reporting network datasets could result in
inappropriate documentation leading to information gaps between
network dataset providers and consumers. Thus, (unintentional)
dataset misuse and misunderstanding could increase, adversely
affecting science and society. Deployment of applications evalu-
ated or trained with inappropriate networks could have serious
consequences such as discrimination against minority groups [50].

To address the information gap between network dataset providers
and consumers, we design network reports as practice for docu-
menting network datasets. Our development was driven by forma-
tive interviews with 12 network practitioners (including faculty,
graduate students, research scientists, and engineers in industry).
We sought to understand what they would like to see when they
encounter a new network dataset. A network report is a structured
description following a particular template that summarizes and
contextualizes a network dataset. To handle the unique challenges
of reporting networks, we advocate for standard measures (e.g.,
degree) of the network structure, demographics information (if the
dataset is related to people), potential bias that already exists or
was introduced during data processing, and potential or known
errors in the dataset. For network dataset providers, we anticipate
that network report could relieve the burden of thinking about
what to include and how to present the dataset intuitively. We an-
ticipate that network dataset consumers can assess whether the
dataset is appropriate for their task, compare different datasets, and
understand limitations. We hope that network reports prevents
unintentional misuse of network datasets and mitigate bias in high-
stakes applications. While we think that the proposed format of
network report covers the most important properties of networks,
we see it as a living format that the community continues to refine.

2 RELATEDWORK
A growing body of literature designs and evaluates structured doc-
uments or checklists for datasets, models, and services. One of the
most prominent works is ‘Datasheets for Datasets’ [16]. The authors
proposed to accompany documentation with datasets to encourage
transparency and accountability for data used by the ML commu-
nity. The framework advocates for systematically documenting
datasets’ purpose, composition, collection process, preprocessing,
uses, distribution, and maintenance. A similar proposal is ‘Data
statements for NLP’, which focuses on NLP datasets and addresses
ethics, exclusion, and bias issues in NLP datasets and systems [4].
‘Dataset nutrition labels’ describes the concept of nutrition label to
assess the quality and robustness of a dataset before it is used in

model development [21, 58]. Recent studies have also investigated
various aspects of documentation in data science lifecycle such as
data readiness [5], industrial data practices for computer vision
datasets [37], academic dataset usage [17], accountability for ML
datasets [23] etc. Beyond datasets, ‘model cards’ were proposed to
accompany trained ML models including information like intended
use cases, evaluation data, performance measures etc [39]. The goal
of ‘model cards’ is to improve transparency between stakeholders
of ML models. ‘Factsheets’ and ‘AI fairness checklists’ have a simi-
lar motivation, but were targeted at documenting AI services and
systems [20, 35].

Complementing existing work, we primarily focus on networks,
and develop a structured way to communicate network datasets.
Our work is functionally similar to ‘Datasheets’ and ‘Data state-
ments’ in the context of ML, but we also consider challenges outside
ML as networks are used and shared across different areas and do-
mains.

3 PRELIMINARIES
We briefly discuss some terms and symbols in this section. “Graph”
is more prevalent in the ML community, but “network” has been
popular in the data mining and network science communities. We
primarily use “network” in this paper, and use “graph” for specific
terms (e.g., knowledge graph). The reason is that network analysis is
generally concerned with the properties of real-world data, whereas
graph theory is concerned with the theoretical properties of the
mathematical graph abstraction.

A network𝐺 is represented as a tuple𝐺 = (𝑉 , 𝐸,X𝑉 ,X𝐸 ), where
𝑉 is the set of nodes, 𝐸 is the set of edges, X𝑉 is the attribute matrix
of nodes, X𝐸 is the attribute matrix of edges. Nodes 𝑉 represent
entities, and edges 𝐸 represent relationships between entities. X𝑉

represents node attributes. X𝐸 represents edge attributes. Each row
of X𝑉 (X𝐸 ) represents one node (edge), and each column of X𝑉 (X𝐸 )
represents one attribute. D denotes the degree matrix, where the
degree of each node is on the diagonal. A, L denote the adjacency
matrix, the Laplacian matrix of the network respectively. We will
use this terminology throughout the rest of the paper.

4 DEVELOPMENT PROCESS
We started with formative interviews with 12 network practition-
ers including faculty, graduate students, research scientists, and
engineers in industry. We asked interviewees at least: what kind of
network data they would use; what kind of graph problems they
are (have been) working on, and what action they would take when
encountering a new network dataset.

Next, using our experience as network researchers, we analyzed
potential use cases of networks in academic and industrial contexts.
In academic contexts, the network report should provide readers
enough relevant information to understand the academic work.
Given an arbitrary network, the best algorithm for an analytical
problem (e.g., community detection) depends on the characteristics
(e.g., size, cohesion, spectrum etc.) of the network. For instance,
community detection based on asymptotical Surprise [54] works
well for many small communities, while Louvain community de-
tection [8] based on modularity favours networks with few large
communities. This is due to the no free-lunch theorem, which
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Curation Rationale
• Author(s) and reference of the network dataset
• Purpose
• Domain
• Node and edge semantics
• Contents

– Is this dataset a snapshot of a larger network?
• Types of network(s)

Based on edge properties:
- directed or undirected network
- simple or multi-graph where an edge can repeat
- weighted or unweighted network
- signed network
- temporal network
Based on node properties:
- homogeneous or heterogeneous
Based on hybrid (node and edge) properties:
- knowledge graph
- bipartite network
- multilayer network

Dataset Collection, Preprocessing and Annotation
• Data collection

– Data collection mechanism and raw data description
– Network sampling

• Data preprocessing
– Network construction (e.g., parcellation of brain scans)
– Data cleaning (e.g., removing inaccurate nodes)
– Data filtering (e.g., extracting k-cores)

– Network transformation (e.g., bipartite graph projection)
– Attribute transformation (e.g., anonymize attribute values)
– Data splits

• Instance demographics
• Data annotation
• Annotator demographics

Uses
• Primary intended uses
• Other uses

Network Statistics
• Point statistics

– Size of nodes and edges
– Proportion of nodes in largest connected components
– Average degree
– (Tail) Power-law exponent (N/A for non power law networks)
– Spectral radius and algebraic connectivity
– Average triangle count
– Average clustering coefficient
– Degree assortativity coefficient
– Max k-core

• Distributions of network statistics and attributes
– Degree distribution
– Pagerank distribution
– Singular value distribution (or eigenvalue distribution)
– Clustering distribution
– Node attribute(s) distribution
– Edge attributes(s) distribution

Figure 3: Network Report Template

states that any two optimization algorithms are equivalent when
averaged across all possible problems (datasets) [24]. As network
algorithms could favor certain types of networks as opposed to
others, when reading scientific work, researchers need sufficient
information of the network datasets to understand the performance
of the proposed methods, and how the proposed methods can or
cannot be expected to achieve similar results on other datasets. The
aforementioned examples highlight the need to include network
characteristics measures.

In industrial contexts, deployment of applications evaluated or
trained with inappropriate networks could have serious conse-
quences [50]. A recommender system trained and deployed with
different demographics, inappropriate time window or shifted cus-
tomer inclinations could result in bad user experience and revenue
lost [28]. Recent studies revealed that ML models reproduce or
amplify unwanted societal biases reflected in training data [10].
For example, knowledge graph embeddings have been shown to
encode that men are more likely to be bankers, and women more
likely to be homekeepers [14]. A question answering system em-
powered by the knowledge graph may discriminate female. Adding
a standardized documentation can make application developers be
aware of the potential consequences when using the data and infer
what additional steps are necessary. These examples highlight the
need to document population, bias and fairness (for applications)
when sharing a network dataset.

We prototyped a template for network reports based on what
we learned. We then “tested” the template by creating the network
report for the EU email dataset [32]. While creating the network
report, we noted problems like non-intuitive orders, lack of clarity,
lack of coverage, and redundancies. We then refined our initial
template and recreated the above network report. We incorporated

feedback from other network practitioners with two cases (https:
//tinyurl.com/mwwunkae#case) and finally created the template
present in the next section. Finally, we conducted an initial user
study in section 7, and incorporated the feedback from participants
in the final version presented here.

5 PROPOSED TEMPLATE
Figure 3 shows the skeleton of the proposed template. We include
four sections in network report: (i) Curation Rationale contains
the metadata and the contexts of the dataset; (ii) Dataset Collec-
tion, Preprocessing and Annotation contains the data preparation
information; (iii) Uses contains the usage information; (iv) Network
Statistics contains the statistical properties of the dataset. The pro-
posed sections are not intended to be exhaustive. Additional details
may include domain-specific information, legal information, etc.
Network dataset providers are also encouraged to review and in-
tegrate information in datasheets [16]. Here we focus on network
aspects of documenting a dataset.

5.1 Curation Rationale
This section helps network dataset consumers understand the basic
metadata of the dataset, and sets the context for the remaining
sections. After reading this section in the report, readers should
have a good overview of the dataset.
Author(s) and reference of the network dataset: This acknowl-
edges the authors who share the network. If the network dataset in
an academic paper, it is encouraged to list the reference.
Purpose: Why was the network dataset created? Was there a spe-
cific usage in mind? Network dataset providers typically create the
dataset primarily for a specific use case. This point could inform
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users of the reasons for certain decisions (such as collection, pre-
processing and annotation).
Domain: Which domain does the network lie in? Domains include
online social networks, metabolic networks, citation networks, etc.
Node and edge semantics: What does each node and each edge
mean? For instance, in a Twitter who-follows-who network, a node
is a user, while an edge is the following relationship. Node and edge
semantics form the cornerstone for all tasks (e.g., link prediction,
node classification, etc.).
Contents: This includes a brief plain text description on dataset
contents. Indicating if the network is a snapshot sets the context for
network sampling (Section 5.2.1), and affects tasks like parameter
estimation and simulation [1, 31].
Types of network(s): Many tools and algorithms expect certain
types of networks, so it is necessary to provide a precise descrip-
tion of the network types. Networks can be categorized based on
node properties, edge properties and hybrid properties. We provide
a taxonomy of network types in Figure 3, where each entry is a
possible tag for the network type.

5.2 Dataset Collection, Preprocessing and
Annotation

This section explains how the author(s) created the network dataset.
After reading this section, network dataset consumers should know
whether the dataset is compatible with their tasks. For example, if
the provider removed the timestamp of a Twitter who-follows-who
dataset, then this dataset is not suitable for modeling time-evolving
behavior. Through our investigation and interviews with network
practitioners on network dataset creation, we present frequent
operations on network data preparation, and emphasize how certain
operations on a network dataset could have unintended impacts
on different tasks. We also advocate for including demographic
information in this section if the network is related to people or
the annotation process is conducted by people.

5.2.1 Data collection. How was the data collected? Was there any
known error or bias introduced in the data collection process?
The ideal collected data would be a census or enumeration of the
network (e.g., a friendship network within a 50-people company),
which includes every node, and every edge between nodes. Unfor-
tunately, this is not feasible under most circumstances. As a result,
a typical collection includes sampling, which refers to selecting a
sampled network that can represent the population. Since network
sampling is often part of data collection, we explicitly include net-
work sampling in the data collection. We refer to ‘raw data’ the
collected data prior to any processing.

Data collectionmechanismand rawdata description:What
was the data collection mechanism? Was there any error (e.g., miss-
ing nodes, erroneously omitted edges) or bias (e.g., bias to high-
degree nodes) introduced by the data collection mechanism? The
data collection mechanism determines the format, the semantics,
and the quality of the raw data, thus affecting all downstream
data processing choices. In some domains, nodes or/and edges do
not naturally exist in the raw data, and network dataset providers
construct networks from the raw data. For instance, some brain net-
works are constructed frommultiple time series signals, where each
time series represents the activity for one region in the brain [47].

However, in tabular data, the meaning of each instance (sample)
does not change (e.g., an image collected from the web is always
an image in the dataset). Dataset providers should describe the raw
data.

The data collection mechanism is a significant source of error
when making measurements over network structures. In biology,
metabolic, protein, and regulatory networks are typically measured
in a lab environment. Suffering from natural variation in biological
systems and inconsistent measurement conditions, experiments
usually don’t give the same results every time, meaning that any
individual measurement may be an error [42]. Social networks col-
lected from surveys or questionnaires could suffer from missing
data, where participants may decline to answer some or all ques-
tions [6, 36]. The error or/and bias introduced in the data collection
should be included in network reports, thus network dataset con-
sumers could infer whether the error or/and bias would influence
their tasks.

Network sampling: Was there any sampling process when col-
lecting the network dataset? What sampling strategy has been
chosen? What was the reason for the sampling strategy? Network
sampling often inherently happens when the data is collected. For
example, researchers use breadth first search to crawl online social
networks automatically [38]. Many factors make it difficult to study
networks in their entirety. Some networks are not completely visi-
ble to the public (e.g., Facebook), or can be accessed only through
crawling (e.g., the Web). In other cases, the measurements required
to observe the underlying networks are costly (e.g., experiments in
biological network). Moreover, many networks are continuously
changing (e.g., telecommunication interactions, user-product inter-
actions) and can never recorded in their entirety.For these networks,
providers should describe the collection time frames.

The non-i.i.d. nature of networks makes network sampling com-
plex. For example, given a population network, randomly sampling
a set of nodes versus randomly sampling a set of edges would re-
sult in very different network structures. Network sampling could
introduce sampling bias to the network, which makes it hard to cor-
rectly estimate the parameters of the whole network. For instance,
sampling in a breadth-first manner is biased as high-degree nodes
have a higher chance of being sampled [29]. People who intend
to study hard-to-reach communities should not use breadth-first
sampled social networks.

With the detailed sampling information, network dataset con-
sumers could examine whether the network dataset is biased to-
wards particular properties and whether it is still suitable for their
task, and what additional processing steps are needed. For instance,
researchers have used Metropolis-Hasting random walk to induce
an unbiased sample of Facebook users [18].

5.2.2 Data preprocessing. How was the network dataset generated
from raw data? Preprocessing converts raw data to a structured
network format. Steps may appear in different orders or can be
repeated [19]. Here we discuss six typical steps to preprocess a net-
work dataset: network construction, data cleaning, data filtering,
network transformation, attribute transformation, and data split.
Data split is common for ML tasks, while the others are common
in data preparation. There is no strict order for these steps, thus
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network dataset providers can interchange them under different cir-
cumstances. If network dataset providers provide the raw data, the
data preprocessing part in network report allows network dataset
consumers to replicate the steps.

Network construction: What strategies were used to trans-
form raw data to nodes and edges? What are the reasons for choos-
ing these strategies? When the raw data does not naturally include
nodes or/and edges, network construction is a crucial step to set up
nodes or/and edges. Essentially, network construction is to set up
𝑉 and 𝐸 in the network. This step is unique to network datasets as
tabular data does not have relations between instances. Network
construction determines the semantics of nodes or/and edges, so it
should be consistent with ‘node and edge semantics’ in ‘Curation
Rationale’. Different network construction methods fundamentally
change the network structure and the compatible tasks. For exam-
ple, in brain networks, the edges could represent anatomical tracts
or functional associations, and the semantics largely determines
the neurobiological interpretation of network topology [47].

Data cleaning: How were nodes, edges, or networks (in a multi-
network dataset) edited or augmented? Data cleaning refers to
the removal, addition, or replacement of less accurate (or inaccu-
rate) data values with more suitable, accurate, or representative
values [19]. Research on data cleaning for networks has shown
that inappropriate data cleaning strategies could lead to a high
error rate in wireless sensor networks due to power exhaustion and
environmental noise [11]. Thus, including data cleaning details in
a network report is necessary for network dataset consumers to
examine if the data quality is appropriate for the tasks and if they
need to conduct additional data cleaning steps. Typical operations
of data cleaning on networks include: removal of nodes, removal of
edges, removal of attributes, node deduplication, etc. Data cleaning
has a direct impact on data quality and data usage. Removal of
specific attributes like timestamps could limit the applicability of
the network dataset.

Data filtering: What nodes or/and edges have been filtered out?
What was the reason for filtering? Data filtering refers to generat-
ing a subset of nodes or/and edges [19]. Data cleaning focuses on
removing inaccurate values, while data filtering focuses on simpli-
fying the contents of the data. Different from tabular data, where
data filtering is done based on attribute value(s) (value filtering),
in networks, data filtering could be based on the network struc-
ture (structural filtering). Value filtering is to simplify contents
based on X𝑉 and X𝐸 , while structural filtering is based on 𝑉 and
𝐸. Structural data filtering could be a potential source of bias in
the network. For instance, extracting k-cores of a large network, a
common method [44, 48], biases to high-degree nodes. Both value
filter (on nodes or/and edges) and structural filter should be detailed
in this part.

Network transformation: Howwas the network transformed?
Network transformation refers to converting the network from one
format to another. Typical operations include the projection of
a bipartite network (e.g., constructing a user similarity network
based on the number of co-purchased items), the projection of a
multilayer network, and aggregation of nodes for hypergraphs. For
projection, we encourage network dataset providers to carefully
think about the weighting scheme, because the redistribution of

weights has a strong effect on the community structure (especially
in dense networks) [13].

Attribute transformation: How were the node or/and edge at-
tributes transformed? Network transformation is based on network
structure, while attribute transformation focuses on attributes of
nodes or/and edges (X𝑉 and X𝐸 ). Typical transformations include
value normalization, value scaling, dimension reduction, change of
attribute names, etc.

Data split: How was the data split to train/validation/test sets?
What was the splitting ratio? ML researchers use data splits to
train and evaluate their models. Tabular datasets are often split to
train/validation/test sets by random selection. However, randomly
selecting nodes and edges for training and testing leads to overly
optimistic accuracy due to the non-i.i.d. nature of graphs [34].

One common mistake in data splits is unintentional data leakage.
Leakage refers to the use of information in the model training
process that would not be expected to be available at prediction time,
causing the predictive scores (metrics) to overestimate the model’s
utility when run in a production environment [26]. We want to
highlight it in data splits because network related tasks often train
and test on a single network, thus having a high probability of
leakage. Researchers have found that leakage existed in a common
knowledge graph completion (link prediction) benchmark [53],
where the relation set of inverse entity pairs is almost the same
e.g., comparing entity pairs [𝑒1, 𝑒2] for relation 𝑟 to the entity pairs
[𝑒2, 𝑒1] for relation 𝑟 ′ (reverse 𝑟 ). Thus including relation 𝑟 between
entity pairs [𝑒1, 𝑒2] in the training set leaks information because
in real use cases, 𝑟 would not exist in the knowledge graph. As a
result, prior models were not fairly evaluated. The main reason for
this mistake is that the links between entities were split randomly
into train/validate/test set.

Besides leakage, the notion of ‘transductive learning’ and ‘in-
ductive learning’ brings additional ambiguity when evaluating ML
models on graphs and networks. In the context of graph machine
learning, ‘transductive learning’ refers to seeing the whole graph
(including the test set but without the labels of the test set) before-
hand, while ‘inductive learning’ assumes there are unseen nodes
added to the graph during test time. In an inductive node classifica-
tion task, researchers have found duplicated nodes (near 5%), edges
and labels in training and testing sets [22] due to data splitting.
This violates the inductive assumption as the duplicated nodes in
test sets cannot be viewed as newly added. To avoid similar issues,
we encourage network dataset providers to carefully examine the
data splitting strategy and provide details on how the strategies
are implemented. We also encourage network dataset consumers,
especially ML researchers, to check if the data is split appropriately
for their tasks.

5.2.3 Instance Demographics. In case the network dataset is re-
lated to people, what are the demographic characteristics of the in-
stances? Possible demographic information include but not limited
to age, gender, race/ethnicity, and socioeconomic status. Including
instance demographics is important for ML applications in real-
world deployments. Researchers found that models can reproduce
or amplify unwanted societal biases reflected in training data [10].
In real-world deployments, biased data can result in unfair decisions
and discrimination of minority groups, which can lead to severe
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consequences in high-stakes domains. For instance, recommender
systems that make predictions based on observed data can easily
inherit bias that may already exist [59]. Knowledge graph embed-
dings have been shown to encode that men are more likely to be
bankers, and women are more likely to be homekeepers [14]. To
mitigate bias and improve fairness, sensitive attributes (e.g., age in
a loan and debt network; gender in a job posting network [7, 9])
involving discrimination should be available to network dataset
consumers.

5.2.4 Data annotation. Who annotated the data (e.g., crowds, do-
main experts)? How was the data annotated? Was there a shareable
user interface? Were the labels noisy or clean? How are labels
derived from multiple noisy labels? The description of data anno-
tation process is detailed in this part. Including details at the data
annotation process in network reports is useful for network dataset
consumers who would like to use the labels.

5.2.5 Annotator Demographics. What are the demographic char-
acteristics of the annotators? Possible demographic information
include but not limited to age, gender, race/ethnicity, socioeco-
nomic status, native language, and expert level. In social networks
measured using surveys or questionnaire, subjectivity is a notable
source of error when measuring network structure [42], especially
when respondents give ambiguous answers and some interpreta-
tion is required to decide what those answers mean. Annotators’
native language could impact converting qualitative answers to
quantitative metrics. To curate a knowledge graph of political data,
annotators’ demographics information could influence their po-
litical stands, thus resulting in disputable annotations. Expertise
level matters for domain-specific network annotations. For instance,
domain experts need to perform biology experiments to annotate
whether a protein-protein interaction network is an enzyme. The
annotator demographics could help network dataset consumers
assess the quality of the annotations and potential sources of errors.

5.3 Uses
This section allows network dataset consumers to quickly grasp
what the dataset should and should not be used for. We include
three parts: primary use and other uses. We understand that the
use space of the network dataset could be huge, and it is impossible
to list every use case. We encourage network dataset providers to
list typical ones in this section.
Primary intended uses: This part details the use cases and tasks
that the network dataset providers have in mind when creating the
dataset. For machine learning datasets, this part should include the
task type (e.g., classification, regression), task category (e.g., node,
link or graph) and the evaluation metric(s) for the task. When there
are no particular tasks for network dataset providers (e.g., A social
network company releases part of the user network data to the
public), the primary intended uses could be broad.
Other uses: This part details the potential uses cases of the network
dataset. Examples include offline anomaly detection on a streaming
network dataset, benchmarking HPC platforms on an online social
network dataset, etc.

5.4 Network Statistics
This section includes point statistics and distributions of the net-
work(s). The complex structure of networksmakes it hard for people
to understand whether the dataset is appropriate for their tasks
by eyeballing the plain text description, a small subset (e.g., the
egonet of one node), or one network plot. Network statistics could
partially reveal such complexity with a few numerical values and
visualizations of a few distributions. This section is inspired by
the electronics industry, where standard characteristics (e.g., oper-
ating temperature) shown by numerical values and visualization
of essential properties (e.g., time vs. frequency) are available in
datasheets [46]. The electronics industry set such standards be-
cause small deviations that may seem insignificant can have severe
consequences for the system as a whole [16]. However, the gen-
erative process of networks is even more complex, as the same
configuration in graph models could result in significantly different
networks. Similar to the datasheet in the electronics industry, we
propose that a network report includes point statistics and visual-
izations. We list point statistics in Section 5.4.1, where each measure
is a numerical value. We list distributions in Section 5.4.2, where
visualization of distributions are shown.

Given the rich literature in network science, numerous statisti-
cal properties could be included in this section. We design the list
through our formative interview, runtime concerns and diversity
concerns. We prefer fundamental, well-studied measures over com-
plex, domain-specific ones. Practically, network datasets could be
massive (e.g., a billion nodes). Thus computationally heavy proper-
ties (yet important) like betweenness centrality and diameter are
not included in the list, as both of the properties involve calculating
the shortest paths of all pairs of nodes. We also prefer statistical
properties that can cover diverse aspects of networks. Thus we
choose point statistics and distributions that can cover (i) node and
edge characteristics (size, degree, attributes); (ii) spectral proper-
ties (spectral radius, algebraic connectivity, singular value distribu-
tion, pagerank distribution); and (iii) network cohesion (connected
components, average clustering coefficient, clustering coefficient
distribution, degree assortativity coefficients, max k-core). Those
point statistics and distributions could reveal fundamental phe-
nomenons of the underlying graph (e.g., the scale-free property,
the small-world phenomenon).

Visualizations help network dataset consumers to understand
distributions. Patterns in the visualization reveal the dynamics of
the network. Abnormal patterns in the visualization (e.g., a spike)
could help network dataset consumers understand the networks’
anomalies and further infer whether the anomalies would influence
their tasks. We discuss common practices of visualizing network
statistics in Section 5.4.2.

5.4.1 Point statistics. : Point statistics map a network’s structure
to a simple numerical space. For a multi-network dataset, network
dataset providers can provide the average (and standard deviation)
point statistics of all the networks in the dataset. Other point statis-
tics beyond our list are also encouraged (e.g., structural balance for
signed networks).

Number of nodes (|𝑉 |) and number of edges (|𝐸 |) describe
the size of the network. Network dataset consumers can roughly
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understand how much computation resources are necessary for
processing the network.

Proportion of nodes in the largest connected component
reveals the basic network connectivity. For directed networks, both
weakly connected and strongly connected components should be
considered.

Average degree (𝑑) is defined as 𝑑 = 1
|𝑉 |

∑
𝑢∈𝑉

𝑑𝑒𝑔(𝑢), where

the function 𝑑𝑒𝑔(·) denotes a degree measure (e.g., in degree) of
a node. For undirected networks, 𝑑 =

2 |𝐸 |
|𝑉 | . For directed networks,

the average out degree equals the average in degree, and both can
be calculated as ¯𝑑𝑜𝑢𝑡 = ¯𝑑𝑖𝑛 =

|𝐸 |
|𝑉 | It quantifies the extent to which

a node is connected to other vertices within the network.
(Tail) power-law exponent (𝛾 ) characterizes the degree distri-

bution of the network. Many networks follow a degree distribution
power law, i.e., the number of nodes with degree 𝑛 is proportional
to the power 𝑛−𝛾 , for a constant 𝛾 larger than one. There are mul-
tiple ways of estimating 𝛾 , we recommend estimating 𝛾 using the

robust method defined as 𝛾 = 1 + |𝑉 |
( ∑
𝑢∈𝑉

ln 𝑑𝑒𝑔 (𝑢)
𝑑𝑚𝑖𝑛

)−1
, where

𝑑𝑚𝑖𝑛 denotes the minimal degree [42]. For networks that do not
follow a power-law degree distribution, network dataset providers
can indicate N/A for this item. N/A also informs network dataset
consumers that the dataset is not scale-free.

Spectral radius (𝜌) andAlgebraic connectivity (𝑎) revealmath-
ematical properties on graph spectrum. Let _1, · · · , _𝑛 be the (real
or complex) eigenvalues of A. Then 𝜌 = max( |_1 |, · · · , |_𝑛 |). Alge-
braic connectivity 𝑎 is the second smallest eigenvalue of L.

Average triangle count (𝑡 ) counts how many triangles one
node is involved in. Triangles have been used in spam detection,
link recommendation, and graph random graph models, etc [55].
We recommend to calculate it as 𝑡 = | { (𝑢,𝑣,𝑤) |𝑢, 𝑣, 𝑤 are connected} |

6 ,
because it is independent of the orientation of edges when the
network is directed. Here

Average clustering coefficient (𝑐) quantifies the extent towhich
pairs of nodes with a common neighbor are also themselves neigh-
bors. It extends the triangle count of a node by normalizing the
triangle count with the number of pairs of nodes in its neighbour-
hood. It is used as an indicator of “structural holes” in a network,
which has rich applications in social networks [42]. As betweenness
centrality (BC) is computationally intensive, average clustering co-
efficient can also be thought of as akin. Betweenness measures a
node’s control over information flowing between all pairs of nodes
in its component, while clustering clustering is a local version of
betweenness that measures control over flows between just a node’s
immediate neighbors [42]. Mathematically, it can be calculated as
𝑐 = 3𝑡∑

𝑢∈𝑉
1
2𝑑𝑒𝑔 (𝑢) (𝑑𝑒𝑔 (𝑢)−1) .

Degree assortativity coefficient (𝑟 ) quantifies the extent to
which connected nodes have similar degrees. It is the Pearson
correlation between the degree of connected nodes. Mathematically,

it can be calculated as 𝑟 =

∑
(𝑢,𝑣)∈𝐸 (𝑑𝑒𝑔 (𝑢)−𝑑) (𝑑𝑒𝑔 (𝑣)−𝑑)∑

(𝑢,𝑣)∈𝐸 (𝑑𝑒𝑔 (𝑢)−𝑑)2 . Besides,
network dataset providers can also provide assortativity mixing
by other measures of interests (e.g., Pearson correlation between
the attribute of connected nodes). Some technologies related to
networks such as graph convolution neural networks would fail

if the network is not near homophily (i.e., connected nodes are
similar) [27], thus providing one measure of homophily could help
prevent misuse of those network technologies.

Max 𝑘-core (𝑘) is the maximum 𝑘 such that 𝑘−core exists in the
network, and a 𝑘−core is the maximal subgraph where all vertices
have degree at least 𝑘 . 𝑘−core has been applied to diverse areas
such as hierarchical structure analysis, network visualization and
network clustering [49]. Max 𝑘−core also provides the upper bound
for max clique (i.e., another important structure in networks).

5.4.2 Distributions of node/edge statistics and attributes. We now
discuss the distributions in network report and common design
choices for visualization. For a multi-network dataset, network
dataset providers can treat the dataset as a whole network, where
each component is one network inside the dataset.

Degree distribution (𝑑𝑒𝑔(·)): The degree distribution is typi-
cally a skewed distribution, as there are more small-degree nodes
than large-degree nodes. If the tail degree distribution follows a
power law, then it’s typical to plot degree distributions on a log-log
scale (i.e., both axes have a logarithmic scale) [42]. Histograms,
line charts and point charts are common encoding choices. His-
togram involves binning, and inappropriate binning can hide the
trend in the data. For simplicity, we recommend point charts or
line charts with degree on the x-axis and frequency (or probability
mass function, or inverse cumulative distribution function 1) on
the y-axis.

Pagerank distribution (𝑝𝑟 (·)) [45]: Pagerank distribution can
be thought of as an extended form of degree distribution, which con-
siders how many neighbors a node has and how important those
neighbors are. It can be calculated as 𝑝𝑟 (𝐺) = (I − 𝛼AD−1)−11,
where 𝛼 = 0.85. Given its similarity to degree distribution, similar
design choices in axes (e.g., log-log scale for scale-free networks)
could be used. One significant difference is that pagerank is a con-
tinuous variable, while degree is a discrete variable, where the
value is an integer at most the max degree. So we recommend point
charts or line charts with pagerank value on the x-axis and inverse
cumulative distribution function on the y-axis.

Singular value (Σ) (or eigenvalue (Λ)) distribution: Singular
values (and eigenvalues) reveal the spectral properties of the graph.
Spectral graph properties have broad applications in graph parti-
tioning (clustering, community detection), dynamical systems [42].
There are variations of graph matrices (A, L, · · · ) and spectral
decomposition (eigenvalue decomposition, singular value decom-
position, · · · ) that characterize spectral properties. One common
way to reveal the graph spectrum is to use the eigenvalues of the ad-
jacency matrix [42]. However, for directed graphs, the eigenvalues
are complex numbers, which brings additional difficulty in visual-
ization. We recommend using the singular values of the adjacency
matrix, which bypasses the complex number problem, and gives
a unified view on both undirected and directed networks. Calcu-
lating the exact solution of all singular values is computationally
expensive, so we recommend computing the approximate top-k
singular values. The distribution can be plotted as a line chart or a
point chart can be the encoding choices.

1Let 𝑋 be a random variable with cumulative distribution function (CDF) 𝐹 . The
inverse CDF is defined as 𝐹−1 (𝑞) = inf {𝑥 : 𝐹 (𝑥) > 𝑞 } [56].
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Clustering coefficient distribution (𝐶𝐶 (·)): Clustering coef-
ficient (i.e., local clustering coefficient) is the fraction of pairs of
neighbors of node that are themselves neighbors. ∀𝑢 ∈ 𝑉 , 𝐶𝐶 (𝑢) =
number of pairs of neighbors of 𝑢 that are connected

number of pairs of neighbors of 𝑢 . Clustering coefficient
distribution is closely related to the small-world phenomenon of
real-world networks [57]. It is a continuous variable with values
between 0 and 1. A common practice to visualize clustering coeffi-
cients as a cumulative distribution function on points or lines with
linear scales [42].

Node attributes: For a quantitative attribute, a common prac-
tice is to use histograms. For an ordered attribute, a bar chart can
be used to show the frequency of each category. For a categorical
attribute, network dataset providers can use a bar chart to indi-
cate the frequency of each category, and arrange the categories
according to the frequency. Horizontal bar charts make it easier to
have readable labels than vertical bar charts. If there are too many
categories, one typical practice is to list top-k categories in the bar
charts, and use ‘others‘ to indicate the remaining categories.

Edge attributes: Visualization of an edge attribute is similar to
that of a node attribute for a quantitative/ordered/categorical one.
For temporal networks, where each edge contains a timestamp, we
commend a line plot with the relative time stamp on x-axis and
number of edges within a fixed time window on the y-axis.

6 IMPLEMENTATION CONSIDERATION
The first and primary consideration for implementing network re-
port is the time cost. Documentation could be a burden [37]. We
analyze the time cost of the network report in terms of objective in-
formation (Network Statistics) and subjective information (Curation
Rationale; Dataset Collection, Preprocessing and Annotation; Uses).
The contents of subjective information require input from people,
while the objective information could be automatically created. For
large organizations, standard internal software could be adopted to
automatically create the objective information. The software could
also be tailored for the organization’s design style in visualization,
graph storage infrastructure, network analysis tools, etc. If there
is a centralized platform to submit datasets, certain checks could
be automated when submitting the datasets, similarly to CI checks
on software repositories. For small organizations or individuals,
spending a significant time developing standard software could be
overwhelming. Network dataset providers could write code for the
dataset in an ad-hoc manner. Nevertheless, if the dataset would up-
date frequently, the code could be reused over time. As researchers
in the network field, one of the authors spent around 2.5 hours
creating the objective information in an ad-hoc manner and around
1 hour creating the subjective information. When the author started
to create more network reports for other datasets, she improved the
code to maximize code reuse. We make our code publicly available
for reference (https://tinyurl.com/mwwunkae). Compared with the
time overhead in data collection and processing, we believe this
time for documentation is appropriate.

The second concern is information availability. A lot of network
datasets are not created ‘from the ground up’ [16] (such as those in
TUDataset [40]), so it is hard to gather all the necessary information.
In this case, network dataset providers should explicitly indicate

Unknown (as opposed to skipping it). Besides, some of the demo-
graphic information, such as gender, is sensitive. Following a similar
concern in model cards, we encourage network dataset providers
to use self-identified labels or using labels clearly designated as
perceived (as opposed to self-identified) [39]. Looking forward, ef-
forts aimed at collecting fined-grained information and annotation
should serve as a key step to strengthen fairness, accountability,
and transparency in network technology.

The third concern is how to encourage implementing network
reports. Publication venues related to networks could encourage
the community to release a network report alongside new datasets.
Excitedly, “Datasets and Benchmarks Track” in NeurIPS 2021 en-
forces dataset documentation and intended uses accompanying the
main paper, and recommends authors to follow existing frameworks
such as Datasheets [16], Data Statements for NLP [4], and Nutrition
Label [21]. Microsoft, Google, and IBM are adopting similar reports
for general AI datasets [16]. Besides, funding agencies could require
network reports in data management plans. We believe that the net-
work report is a good complement for the above efforts in reporting
datasets. Ultimately, implementing network report can dramatically
improve the utility of the datasets for others, and benefit both direct
stakeholders (e.g., application developers, funding agencies) and
indirect stakeholders (e.g., users of recommender systems).

7 INITIAL USER STUDY
7.1 Study Design
We conducted an initial qualitative user study to explore the func-
tionality of the network report in an academic environment. We
hypothesized that network reports facilitate dataset communication
and paper understanding.

Datasets and Paper We used the paper “Higher-Order Label
Homogeneity and Spreading inGraphs”, and the POKEC dataset [12].
This version of POKEC dataset was built on top of the original
POKEC dataset present in [52]. This mimics a common academic
scenario, where datasets augment other datasets.

Study Protocol Each session began with a 15-minute tutorial
on the main idea of the paper. We then asked participants to read
the dataset description, followed by the network report in Figure 4.
After that, we asked them to read through the experimental result
section in the paper. During the study, we answered questions
regarding the paper, but we did not answer questions regarding
the dataset. Finally, we did an semi-structured checkout interview.
Audio was recorded via Zoom.

Participants We recruited 6 participants (3 females, 3 males),
all graduate students (1 MS, 5 PhD), with prior ML experience. 4/6
participants have research experience in networks. 2/6 participants
have industrial experience related to network data. One of the par-
ticipants had a hard time understanding the paper, so we discarded
this session in analysis.

7.2 Analysis & Results
After transcribing the interviews, two of the authors did a line-by-
line open coding on one transcript and produced a coding guide.
Then the two authors coded separately on all transcripts, and dis-
cussed the codes to produce the results.
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Table 1 Point Statistics
Size of nodes 1,632,803 Avg. triangle count 59.81

Size of edges 30,622,564 Avg. clustering coef. 0.11

Avg. in (out) degree 13.66 Assortativity -0.016

% in LCC 100% Algebraic connectivity 0.018

Max k-core 47 Spectral Radius 11.59

(Tail) power law 
exponent

1.40

4. Network Statistics 

3. Uses 
Primary intended uses: Studying higher-order label homogeneity and spreading 
in graphs. 
Other uses: Modeling online friendship behavior.  

2. Dataset Collection, Preprocessing and Annotation 
2.1 Data Collection 
Data collection mechanism:  
1. Insert user into queue. The user is identified by the nick name. 
2. Take the first nick from the queue. If the queue is empty, algorithm ends. 
3. Take a profile by using Pokec’s URL together with the nick added to  
Network sampling: The data contains ~66% of all the users on the POKEC 
platform. Users are crawled in a breadth-first search manner, so the network is 

POKEC Online Social Network
1. Curation Rationale 
Authors: Dhivya Eswaran, Srijan Kumar, Christos Faloutsos [1]. The dataset is built 
on top of [2].  
Purpose: Study higher order label homogeneity [1]. 
Domain: Online social network 
Contents: 66% of all the users and the friendship relationships on the POKEC 
platform 
Node and Edge Semantics: Each node represents a user account. Each edge 
represents friendship relationship between user accounts.  

[1] Eswaran, D., Kumar, S., & 
Faloutsos, C. (2020). Higher-
Order Label Homogeneity and 
Spreading in Graphs.  
Proceedings of The Web 
Conference 2020. 
[2] Takac, L. (2012).Data 
Analysis in Social Networks.

2.2 Data Preprocessing 
Network construction: Not exist 
Data cleaning: Not exist 
Data filtering: Not exist 
Network transformation: Not exist 
Attribute transformation: Anonymize the name of the users. Extract the region 
information from user profile by only considering the 8 regions in Slovekia, Czech, 
and abroad. If the user profile information is unknown, assign the label 
'banskobystricky’ (the second most popular region in the dataset) 
Data splits: Not exist 
2.3 Instance Demographics 
POKEC is an online platform in Slovekia, and it is in Slovak lanugage. 89.6% of 
users are from Slovekia, 1.9% of users are from Czech, and 8.5% of users are 
from other countries. 
2.4 Data Annotation  
Not exist

Figure 4: Network report for POKEC network (used in user
study).

7.2.1 Gain deeper understanding of academic papers. We found
that all participants have expressed difficulty in understanding
network datasets under academic scenarios. P3 mentioned that “it’s
hard to mentally visualize the dataset by just reading the description
in the paper”. 4/5 participants mentioned that the network report
helps them verify assumptions of a given paper on the dataset.
During the study, all participants have attempted to explain the
experimental phenomenon with the information in the network
report. Participants either confirmed that the dataset aligns with the
paper’s assumption, or started to critique the assumption. P3 said
that “All [the network report] helps is explaining why this algorithm
may succeed because it gives you a visual description of the dataset”.
We also found that providing the network report with the paper
could drive people to think critically about the data and the paper.
P4 said that “If there are some ways for me to look at the stats, and
how they differ from what I normally expect, probably I would look
deeper into the dataset to see if there are some issues in the data
generation pipeline.” P4 subsequently mentioned that he would not
check the assumptions unless he had the report.

7.2.2 Build trust in academic papers. 3/5 participants mentioned
trust in academic papers in the network domain. P3 said that “if a
paper is claiming things, then I would like to look at some statistics
around the claimed things, which are not in the paper”. P5 said that
“people don’t want to explain [datasets] more, or don’t want to waste
paper real estate to speak about basic stats, like the network report, so I
have hard time in paper understanding”. 2/5 participants mentioned

that documentation like network reports are important for building
trust especially when the data is not publicly available.

7.2.3 Create a structured channel to communicate network datasets.
All participants mentioned that the network report helps people
communicate network datasets. P5 emphasized that it creates trans-
parency, and said that “There are a thousand ways that I could con-
struct a graph from [...] data. Whatever format I am deciding on, I
should explain what I have done in detail and the rationale for why I
have done it. Otherwise, it seems not genuine enough. And I think it is
a great step towards more transparency in the network domain, which
is needed. ” 3/5 participants said that the network report allows for
comparison and using data from other domains. 4/5 participants
mentioned that the network report saves researchers’ time. P3 said
that “Section 3 (Dataset Collection, Preprocessing and Annotation) is
useful to me. ... I didn’t think of [network sampling and data filtering]
until I saw it.” P1 said that “[The network report] saves time. ... And if
you have a bunch of [network datasets], and you are deciding which
dataset to use for your own research. And you can go to the uses
section, and the data collection section, and find out which one is most
specific to me. ”. 2/5 participants mentioned that they would open
a Jupyter notebook to make some visualizations, so the section of
Network Statistics is very useful. As participants find almost all
sections of the network report useful, we conclude that the network
report creates a structured way to communicate network datasets.

7.3 Limitations
The qualitative study was conducted in an academic environment,
so the above results and analysis may bias towards academic use
cases. As the user study is an initial study to explore the function-
ality and usability of the network report, it is not intended to be a
complete evaluation of the network report.

8 DISCUSSION AND CONCLUSION
We have proposed the network report as a structured template
to report information about network datasets. The network re-
port includes network characteristics, information that captures
population, bias and fairness, and detailed data preparation infor-
mation. Our qualitative study suggests that the network report
could help facilitate structured communication between network
dataset providers and consumers.

Although network reports are designed to be flexible across dif-
ferent domains and use cases, the usefulness of network reports still
relies on the integrity of the creators. In the near term, it is unlikely
that the full contents of network reports could be automatically
created and standardized to prevent all inappropriate use. We envi-
sion a standardized export formats and data loaders for networks
accompanying network reports in the future. Besides, network re-
ports are just one approach to increase transparency in network
related technologies, which could include, for example, model cards
for pre-trained graph neural network models [39] and vulnerability
and robustness testing [15]. Future work includes accelerating the
creation of network reports, studying how the information in net-
work reports is interpreted and used by different network dataset
consumers: researchers, developers, policy makers, etc, and how
network reports could be integrated with other transparent tools.
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