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Research on the digital networked public sphere is not only hindered by challenges in data 
access but also by a lack of common standards for describing and implementing data col­
lection independently of the form of access or technologies employed. These challenges are 
particularly pronounced in cross-platform research. In this article, we propose a network-sam­
pling framework to conceptualize, implement, and document explorative data collections in a 
generalizable, readily operationalizable, and interoperable way. Building on the theoretically 
established components of the networked public sphere, the concept of multilayer networks, 
explorative network sampling, and legal and technical realities of cross-platform data access, 
we segment the data collection process into four modules: a Connector, a Parser, a Filter, and 
a Sampler. This framework enables researchers not only to describe their data collection in 
a precise and reproducible way but also to follow guidelines on for developing interoperable 
software implementations of these modules or to propose new modules themselves.

Key words: network sampling, cross-platform data collection, networked public sphere, 
multilayer networks, interoperability, replicability

Introduction

The study of digital, networked communication is challenged by a threefold, interconnected 
increase in complexity (Strippel et al. 2018). First, the media and communication landscape 
has diversified into a multitude of platforms and their associated affordances (see, e.g., 
Breiter and Hepp 2018). Second, the methods used to study these platforms have become 
increasingly complex, partly due to the adoption of approaches from the natural and 
computer sciences (Berry 2011; Lazer et al. 2020). Third, platforms have repeatedly modified 
their data access policies and interfaces, often restricting or entirely cutting off access to 
researchers. These changes pose significant obstacles to maintaining consistent and reliable 
data sources for longitudinal studies and cross-platform comparisons (Bruns 2019; Freelon 
2021). Consequently, there is a pressing need for a formal framework to describe data collec­
tions that supports the study of larger structures of the public sphere, that is generalizable 
across studies, and remains reproducible over time.

Meanwhile, pressing societal issues underscore the need for a birds-eye view of digital 
publics. These include the fragmentation of democratic, liberal societies into smaller, less 
interconnected communities, which may contribute to polarization (Brüggemann and Mey­
er 2023; Esau et al. 2024) as well as the strategic use of mis- and disinformation (Rogers 
2023; Quandt et al. 2019), which can erode trust in public institutions and established media 
(Frischlich and Humprecht 2021). Research that investigates the digital networked public 
and can capture both its short- and long-term structures, from individual to global scales, 
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is therefore crucial. While studies of short-term effects remain feasible despite the restrictive 
work-to-rule approach of major platforms toward researcher access (Rau et al., 2025), long-
term and large-scale analyses—whether within single platforms (Guan et al. 2022; Münch et 
al. 2021; Bruns and Moon 2019; Bruns et al. 2017) or across multiple platforms—are severely 
slowed and rendered prohibitively costly, if not altogether impossible.

This challenge necessitates a shift toward reliable and reproducible data acquisition 
if research independent and free from conflicts of interest, outside the tightly controlled 
domains of major platforms—is to remain viable. Current efforts to address this issue, 
however, largely consist of uncoordinated (though necessary and commendable), single-use 
attempts to circumvent platform-imposed restrictions. Methods for collecting data at scale, 
particularly for empirically mapping digital publics both within and across platforms re­
main fragmented and difficult to reproduce (Wiedemann et al. 2023).

In this article, we propose and exemplify the necessity and feasibility of a generalizable, 
readily operationalizable framework to conceptualize, implement, and document large-scale 
data collections that are independent of individual platforms, yet compatible with empiri­
cally established theories of the networked public sphere. In the remainder of this article, 
we discuss theoretical models of networked publics (Bruns 2023; Friemel and Neuberger 
2023) and examine their relationship to explorative, network-based sampling of trace data. 
In doing so, we aim to demonstrate an approach for gathering relevant datasets that
1. integrates a variety of data collection methods in a flexible manner, which is necessary 

due to the unreliability of platforms, and
2. openly and consistently documents the collection intent and process in a replicable way.
To achieve this, we propose dividing the data collection process into four distinct modules: 
a Connector, which retrieves research data from platform APIs, scrapers, databases, files, 
and other sources; a Parser, which extracts meaningful network edges from the retrieved da­
ta; a Filter, which selects or rejects edges and nodes based on researcher defined conditions; 
and a Sampler, which selects edges and nodes for continuation of the sampling process. This 
modular segmentation allows researchers to describe their data collection approach clearly 
and reproducibly, while also providing a framework for developing interoperable software 
implementations of these modules or proposing new ones.

In Section 2 we motivate a multilayer network perspective grounded in theoretical 
concepts of the (networked) public sphere(s). In Section 3, we introduce approaches to 
explorative network sampling and assess their suitability for research within this paradigm. 
Section 4 presents an example case, and in Section 5, we deduce a sampling framework for 
data collections.

Digital, Networked and Public Spheres

Discussing the public sphere today necessarily involves the Internet, where most public 
communication either occurs directly or is documented and reverberated, influencing soci­
ety. This produces collectable trace data at varying levels of ephemerality, making commu­
nication more observable and therefore measurable—a development that contributed to 
the computational turn in the social sciences (Lazer et al., 2009). Even on early Internet 
message boards, and increasingly with the emergence of the Blogosphere and the early 
stages of Twitter in the mid- to late 2000s, previously silent users of media with limited 
audiences became what Bruns (2008) calls ‘produsers’—media users who not only consume 
media as passive recipients but also produce their own content for audiences across the 
growing World Wide Web. Combined with the interconnected technical nature of the web, 
this led to a media landscape shifting from centralized, broadcast-oriented media toward 
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networked, distributed, fine-grained contributions from anyone willing to participate. As 
a result, members of the general public and non-traditional content producers now share 
the arena with established media outlets, rendering old theoretical frameworks for under­
standing the public sphere outdated (Schmidt et al., 2017). In particular, the notion of a 
virtual stage dominated by normatively guided deliberation processes (Habermas, 1962) is 
challenged, prompting the need for new conceptual building blocks to describe networked 
public spheres. For instance, Bruns (2023) and Friemel and Neuberger (2023) define the 
basic entities in the digital public as follows:
– Actors: Humans and/or aggregations of humans in organizations, as well as automated 

computer systems that interact with humans or with other automated systems, such as 
chatbots or social bots1.

– Content: Actor-generated content hosted on one or more platforms and shaped by the 
platforms’ affordances.

– Platforms: As discussed in Section 4, platforms and their affordances often create 
barriers that prevent actors and content from leaving them. Nevertheless, substantial 
cross-platform diffusion occurs (see below), and different platforms play distinctive roles 
in the public sphere. Historically, the choice of platform for research was largely dictated 
by data availability, but this approach is far from ideal.

Further, Friemel and Neuberger (2023) theorize link types between actors and content as 
production, reception, or curation. Depending on a platform’s affordances, these types can 
be mapped to platform-specific connections. The affordances of a single platform already 
produce a complex interactive system with multiple modalities, interaction types, and 
entity classes (boyd and Ellison 2007). For example, Facebook supports different types 
of actors, such as user profiles and organizational pages, as well as various social ties, 
including ‘friendships,’ ‘follows,’ and ‘likes.’ However, given the observable shift from a few 
dominant social media platforms (Facebook, Twitter, Instagram) toward a more fragmented 
landscape—including platforms such as TikTok, Telegram, Bluesky, Mastodon, Threads, 
and Truth Social—single-platform research can no longer sustain the empirical foundations 
needed to advance our understanding of the public sphere. This underscores the necessity 
for a data collection and sampling framework that provides a generalizable, cross-platform, 
and researcher-definable model of connections between actors and content within their 
respective public spherules. From communication processes generating the above links, 
higher order constructs emerge:

Personal Publics: Enabled by connections within and across platforms, communication 
on social media in general and former Twitter in particular “is happening in networked, 
distributed conversations: single tweets forming the basic units […] are bundled […] in the 
constant stream of information within a personal timeline, filtered via social connections 
made explicit” (Schmidt 2014).

Issue Publics: These often materialize as hashtag publics. More broadly, they can be un­
derstood as transitive intersections of multiple personal publics centered around a specific 
issue or hashtag (Bruns and Burgess 2011).

Network of Public “Spherules”: Personal and issue publics often give rise to longer-lasting 
figurations (Hasebrink and Hepp 2017; Hepp and Hasebrink 2014), that is, repeating and, 
over the mid- to long-term, stable meso-scale patterns. These can be regarded as small 
public spherules in their own right, such as right-wing counter-publics on Telegram or 
journalistic networks on Twitter.

1 We use this term broadly to acknowledge that automation exists in social networks, whether benign 
or malicious.
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Combined with the need to account for the temporality of all these constructs, the 
(digital) public must be understood as a complex system characterized by emergent and 
dynamic phenomena (Waldherr 2017). These phenomena within networked publics arise 
from technical and socio-technical interactions, fundamentally based on the diffusion of a 
single content piece or digital resource over one or multiple steps. Due to the networked 
public sphere’s centralization and structuring by large platforms, many digital resources 
can be considered to be members of these platforms. For objects residing on a platform, 
interactions between them can be captured as trace data. However, empirically investigating 
effects and phenomena in the networked public sphere requires a concrete operationaliza­
tion of the linkage types under study. Accordingly, Friemel and Neuberger’s categorization 
of connections (see above) can be interpreted as abstract roles to which specific linkage 
types within and across platforms can be mapped (2023). Useful trace data can include, for 
example:
1. Account-to-account interactions within a given platform (reception),
2. Account-to-content links, such as authorship indicators (production), and
3. In-platform links or hyperlinks that may direct to content or accounts on other plat­

forms (curation).
To model a subset of the networked public sphere, various network models can be applied 
to facilitate analysis. Within a single platform, when considering only one type of linkage, 
a simple directed or undirected network may suffice. Extending the model to multiple 
platforms, and assuming that large groups of nodes represent objects of a single type—such 
as users of on a single platform—enables the networked public sphere to be represented as 
a layered network, with one node type per layer (see Kivelä et al., 2014, for an in-depth 
discussion of different formalizations). Allowing both multiple platforms and different 
linkage and node types within a single layer results in a network that is both multilayer and 
multiplex. In some cases, additional actor-to-account matching may be desirable to meet the 
requirements of multilayer network modeling.

Explorative Network Sampling and Web Crawling

To gather empirical insights within these models, networked data is required. Random 
sampling of content or actors typically produces networks that are too sparse to support 
inferences about global structures, making network sampling methods necessary. Network 
sampling involves drawing a sample based on network-like relations and can be applied 
either for network down-sampling (reducing the size and order of a network) or in an 
exploratory manner. Exploration usually begins at specific nodes, with their neighborhoods 
mapped by following edges (Hu and Lau 2013).

The networked public sphere model described above is largely unknown empirically. 
Random node samples, the network analogue of conventional quantitative social science 
sampling, are insufficient for revealing structural patterns, as they tend to be too sparse. 
Instead, subsets of this network can be explored from a limited set of digital resources by 
following, for example, links from content objects to other content or actors. For example, 
one might examine the timelines or profile pages of a given actor and the content embedded 
within them. Each content object contains outgoing links to both actors and other content 
objects—for instance, mentions of other actors or hyperlinks to additional content. By 
following these outgoing links, the neighborhood of the initial nodes can be discovered. Jost 
et al. (2023) apply this approach to map actor structures on Telegram.

The most widely known, large-scale samples of digital resource-networks with URL-en­
coded relations are referred to as crawls, which have long underpinned Internet search 
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engines. Today, several openly accessible crawls exist, such as CommonCrawl (“Common 
Crawl - Overview” n.d.) which provides regular crawls of the public Internet, with a single 
crawl encompassing multiple terabytes of website data. Historically, crawlers have been im­
plemented for Internet research, for example, IssueCrawler was used to map pre-plat­
formized versions of the Internet, such as the Blogosphere (Rogers 1996; Rogers 2010).

Although the basic technical approach is similar, the collection strategies used by search 
engines differ from those required for researching digital platforms and public networked 
spheres. For instance, search engines regularly revisit digital resources (Wolf et al. 2002) 
but often omit social media posts. Moreover, websites frequently optimize their content to 
be discoverable and highly indexed by search engines. In contrast, studying the structure 
of networked public spheres requires uncovering the internal structures of platforms to 
effectively navigate the barriers—“fences”—built by these platforms.

The literature documents a wide range of algorithms for exploratory network sampling 
beyond the exhaustive link-following typically employed by crawlers. Although many strate­
gies are available, each algorithm introduces distinct biases and affords different properties 
in the resulting sampled network (Leskovec and Faloutsos 2006). For example, classical 
social network sampling procedures such as snowball sampling, can be adapted for use 
in URL-networks; however, depending on the breadth of the search (i.e., number of links 
followed per step) these methods may either become highly dependent on the initial seed set 
or, with greater breadth, remain overly local (Goodman 1961).

Ricaud et al. (2020) present a generalization of many network sampling algorithms 
that enables configurable, probability-based sampling incorporating both edge and node 
metadata. This approach is particularly well-suited for research on digital platforms and, by 
extension, the networked public sphere. Depending on the research objective, alternative 
methods, such as breadth first, depth-first tree extraction, random-walk sampling, or their 
derivatives, may be applied.

However, the theoretically optimal algorithm is not necessarily viable in practice. In 
the context of sampling networks from platforms, the choice of strategy is constrained by 
economic viability: some approaches are more costly than others in terms of API calls 
or the volume of scraping traffic required. Consequently, strategies that yield informative 
networks with the fewest possible requests are often preferable (Coscia and Rossi 2018). 
Taken together, selecting an appropriate algorithm and carefully parameterizing it allows for 
fine-grained control of how far and broadly the amplifying process traverses the overall, yet 
unknown, network.

Cross-Platform Data Modeling and Acquisition in Practice

Research on interplatform phenomena faces substantial challenges in data logistics and 
the operationalization of units of analysis, as differences in platform affordances hinder 
the identification of functional equivalences. As Heft et al. (2024) note, “[…] studies across 
platforms and communication venues, thorough insights into platforms’ general architectures 
(Bossetta, 2019) and their ways of structuring content and enabling access through various 
features are paramount (Pearce et al., 2020), as these fundamentally shape data collection 
possibilities and limitations.”

At a technical level of abstraction, however, the Internet can be understood as a collec­
tion of interlinked digital resources, with platforms representing large aggregations of such 
resources, particularly when considering the definition of Very Large Online Platforms 
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(VLOPS)2. All of these resources are identified by a Universal Resource Identifier (URI), 
which on the Web typically takes the form of a Universal Resource Locator (URL) (Berners-
Lee 1994). URLs enable Hyperlinks (i.e., (hyper)text containing embedded addresses), and 
can be regarded as the connective tissue of the Web, linking resources to one another and 
data exchange via APIs (Nielsen et al., 1996).

Hyperlinks create network structures between resources that were early on crawled and 
analyzed by researchers and search engines using network-analytic methods and metrics—
such as Pagerank (Brin et al. 1998)—to understand the structure of the Web and rank 
websites by relevance. The scale of web crawling required for global analyses and rankings is 
immense; for example, the openly accessible CommonCrawl hosts multiple terabytes of data 
for a single crawl (“Common Crawl – Overview” n.d.).

Nevertheless, even such efforts fail to capture a rapidly growing segment of the Internet 
dominated by URLs primarily intended for use via APIs. Unlike the ‘traditional’ web of 
websites, APIs are interfaces that enable the fine-grained control over access and thus lend 
themselves to commodifying that access. The commodification of user generated content on 
platforms, and the resulting shift toward data connections between websites via APIs, was 
central to early discussions of platformization (Helmond 2015).

These walled gardens expand, as platforms like Instagram or Twitter/X increasingly 
restrict public data access, for example, by requiring logins for previously public content like 
tweet replies or Instagram stories. Yet even these environments remain collections of digital 
resources that largely possess URLs, despite platforms’ efforts to channel users toward 
proprietary apps—thereby inserting additional layers of machines, behavioral analysis, and 
access control between users and content. This persistence of URLs reflects platforms’ own 
interests in linking to content and steering users from the open Web into their controlled 
ecosystems.

A technical approach to addressing this power imbalance lies in diversifying data access 
risks by developing and supporting multiple ways of collecting platform data. Beyond 
official APIs, mechanisms such as data access requests and web scraping can provide 
researchers with at least a resource-constrained access. Applying (network) sampling strate­
gies to the URL-based networks described above further mitigates the need for complete 
data, given the inherently skewed distributions of social media data (Barabasi and Albert 
1999). Consequently, this approach enables the interchangeable use of diverse data sources, 
including APIs, web-scraping, data donations, tracking data, data repositories, and DSA-
mandated data access (Ohme et al. 2023). Suitable sampling strategies also allow these 
sources to be used while reducing the likelihood of triggering automated rate limits and 
similar restrictions.

At the same time, this approach also introduces numerous additional degrees of freedom 
that threaten research reproducibility. It aggravates a foundational problem that hampers 
the integration of heterogeneous data sources: the imprecise description of data collection 
processes in much of the existing literature. In many cases—without intending to “name 
and blame,” though examples are readily found—such descriptions are limited to broad 
statements about which data were collected from which platform and over which time 
frame, while crucial details such as the exact timing of collection are omitted. When sam­
pling methods such as “snowball” or “random” sampling are mentioned, the specific variant, 
implementation, and parameterization are often left unspecified. Given this widespread lack 
of precision, and the substantial downstream effects that even minor changes in data collec­

2 Very Large Online Platforms are a legal category for enterprises introduced by the European Union’s 
Digital Services Act (DSA).
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tion strategies can produce (Olteanu et al. 2019; Sen et al. 2021), we argue that standards 
for specifying social media and web data collections are both lacking but urgently needed 
to improve repeatability and reproducibility. More formal specifications of data collection 
processes would significantly support researchers in replicating and validating results, as 
well as in repeating data collections within longitudinal or multi-phase research projects.

Taking an abstract view, the platform-specific connections discussed above can be repre­
sented as actor-message-platform networks that rely on URL-based pointers for at least the 
inter-platform connection1. Consider Figure 1, which illustrates a minimal actor-message 
network with two edge types spanning two platforms. Beginning the exploration with two 
known actors—actor1 and actor2—we retrieve the messages authored by these actors via 
their platform-specific accounts: account1 and account3 for actor1 and account4 for actor2. 
Actor1 has posted messages on two platforms, platform1 and platform2, whereas actor2 has 
posted only on platform2. Based on the message texts, we identify two additional actors—
actor3 and actor4—who are interacted with through these messages.

Example of an actor-message network in which actors interact with other actors 
via platform-specific accounts. Messages mediate these interactions and may link to 
messages on other platforms

Platform₁

Platform₂

Actor₁

Account₁

controls

Account₃

Actor₂

Account₄

Actor₃ Actor₄

Message₁

Account₂

links

Message₂

 authored

represents

Message₃

Account₅

Figure 1:
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Further, the simplified actor-message network illustrates how a network-based sampling of 
the networked public sphere can be conducted. Given a seed set—the actors near the top 
of Figure 1 as inputs to the process—it is necessary to specify accounts on a per platform 
basis. Using a rule set that defines how to interpret message content and metadata, these 
instructions are executed for each observed message associated with each account. In this 
way, relationships between messages and additional entities within the networked public 
sphere are identified—applied to our example, this yields two further accounts for which 
the same process can be repeated.

To illustrate our argument, we outline a research scenario that highlights both the chal­
lenges and potential solutions. For the sake of conciseness, we focus on possible linkages 
between two platforms; however, the process described here can be extended to additional 
platforms. We use Telegram and YouTube as example cases, as both are highly relevant 
platforms for political communication but have not yet been examined as extensively in 
terms of their structural characteristics as platforms such as Twitter.

Telegram’s publicly viewable entities include channels, which can function either as 
one-to-many broadcasting venues or many-to-many forums with potentially thousands of 
participants. Replies to individual posts, reactions, and other interactive features can be 
enabled by the channel’s owners or moderators3. From this, two relevant and distinct 
entity types emerge: channels and messages. Channels are controlled by one or more users, 
and when multiple moderators are active, each message is signed with the corresponding 
username. The message’s text can contain a variety of marked-up references, such as hash­
tags or hyperlinks. Information—in the form of messages—can be easily amplified within 
Telegram, as channels can repost messages from other channels. This reposting process 
replicates the original message within the new channel’s context while providing a backlink 
to the original message in the source channel.

Within YouTube, entities exhibit similar interactions, with channels able to post videos, 
though they lack the ability to repost content. Between the two platforms, directed connec­
tions exist from Telegram to YouTube, as hyperlinks embedded in Telegram messages point 
to YouTube resources. These connections can reference either a specific video or a channel 
(see Figure 2 (a)).

For linkages tracing the diffusion of information within Telegram, we use resharing 
connections captured in the trace data. For example, as shown in Figure 2 (b): a Telegram 
channel1 posts a message1 which is subsequently amplified by channel2. Channel2 thereby 
generates a message2 which links back to message1. Message1 also contains a reference to a 
YouTube video1 hosted on YouTube channel1. In this way, Telegram channel1 amplifies infor­
mation from YouTube channel1 and is, in turn, amplified by channel2. Zooming out from 
this minimal example, since channels have more than one message and introducing more 
channels into our considerations, reveals a latent network that connects actors, accounts or 
channels on specific platforms and content objects which allow for a near infinite amount of 
connections.

3 For more information on Telegram channels, see https://core.telegram.org/api/channel.
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Structural diagrams of possible scenarios of information diffusion within and 
between the two platforms, Telegram and YouTube, allow for a virtually infinite 
number of connections

Schematic representation of possible 
interactions between object types on 
both Telegram and YouTube.

(a) Example of linkages occurring within and between the 
two platforms.

(b)

Telegram

YouTube

Channels

Messages

posts

reposts

Channels

links

Videos

links

posts

Telegram

YouTube

Channel₁

Message₁

Channel₂

Message₂

Video₁

Channel₁

The Network Sampling Framework

Integrating networked public sphere theory (Section 2), explorative network sampling ap­
proaches (Section 3), and the practical realities of cross-platform data acquisition (Section 
4), the proposed framework represents actors as nodes connected through their messages—
following Friemel and Neuberger (2023)—via productive, receptive, or curative links. Nodes 
are necessarily URL-addressable objects, such as profile pages or a blog roll associated with 
an actor, and are connected to other nodes that also represent actors. Connections are 
established through features of communication outputs, including feeds, messages, postings, 
videos, and other metadata extracted from the respective platforms. The interpretation 
of these objects is flexible and can be adapted to the researcher’s specific use case; for 
example, one could extract links from a message by identifying mentioned accounts or by 
querying the platform’s followers API endpoint. Accordingly, the framework is designed 
to be modular and adaptable to different combinations of platforms and their intrinsic 
connection and object types.

Given this model, the realities of cross-platform data acquisition and the complex yet 
sparse nature of social networks require a network generation process in which edges and 

Figure 2:
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nodes are selected exploratorily, sampling the neighborhoods of the original seed nodes 
while remaining as agnostic as possible about the data source. This process can be general­
ized into the following sequence of steps, executed by four modules (see Table 1 for an 
overview of the generalized steps):
1. A sampling round (or hop) begins by identifying the seed nodes. For the first hop these 

nodes must be provided by the researcher. The seed nodes are assigned to a network 
layer—for example, accounts on BlueSky or channels on YouTube.

2. Each layer is associated with a connector that retrieves the desired information for its 
nodes.

3. Retrieved information is stored in a database and then processed by the parser for the 
layer. Parsing generates edges, which may connect nodes within the same layer or across 
different layers.

4. Edges are filtered according to researcher-defined criteria, such as including only mes­
sages containing a specific keyword or written in a particular language.

5. A new set of seed nodes is generated by evaluating the sampled network using a sampler 
assigned to each layer.

This process is repeated until a stopping condition is met, such as achieving a predeter­
mined sample size for each layer.

At the top-level, the sampling framework consists of the following modules

Module Attributes Description

Connector Data connection 
specification

Describes a program or template for retrieving data for a resource: 
It enables the collection of information on both actors and 
content, for example, by scraping public Telegram channels, 
accessing BlueSky’s API, or loading local data files.

Parser Edge Rules
Node Rules

The data returned by the connector and stored in the network 
layer is processed using a specified rule set, generating nodes and 
edges from the raw data.

Filter Edge Rules
Node Rules

Rejects specific edges or nodes prior to sampling based on defined 
conditions. Filtering can be applied to the network’s topology, 
metadata of actors or content, or the content itself—for example, 
by language.

Sampler Sampling 
Algorithm 
Specification

For each inter- and intralayer—or for the network as a whole
—an algorithm is specified to select nodes and edges for 
sampling. Examples include snowball, rank-degree, forest-fire, 
or probability-based approaches, depending on metadata or 
structural properties of the network (cf. Spikyball sampling).

Seeds are the set of nodes from which a network exploration process begins. For each layer, 
the desired node identifiers are provided to initiate explorative sampling. The format of 
these identifiers depends on the type of connector used; for example, exploring a follower 
network or account timelines requires account handles or IDs, whereas other connectors 
may accept content IDs or hashtags. Accordingly, each entry in the database must be 
mapped to an account handle or ID, as specified in the retrieval configuration (cf. Listing 1).

Table 1:
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Example of a multi-layer seed definition containing accounts from two German 
broadcast programs

seeds:
  tiktok:
    - 'DW News': dwnews
    - 'ZDF Heute': zdfheute
  twitter:
    - 'DW News': dwnews
    - 'ZDF Heute':ZDFheute
  facebook:
    - 'DW News': deutschewellenews
    - 'ZDF Heute':ZDFheute
  instagram:
    - 'DW News': dwnews
    - 'ZDF Heute': zdfheute

Listing 1:

Exemplary sampling process for a single layer

Layer

other layers

Connector

interlayer data

Parser

raw data

Filter

parsed data

Sampler

filtered data

sampled data

Figure 3:
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Connector

We refer to logical data sources as connectors, which encapsulate API endpoints, web-scrap­
ing routines, or direct access to databases or files. The input to a connector is always a node 
identifier, and its output is processed by the parser to generate edges, which are then added 
to the corresponding network layer along node metadata.

Introducing this abstraction as a common, unified interface enhances the stability of 
data collection processes. Since APIs evolve over time, the abstraction allows the underlying 
implementation to adapt without affecting the interface. The same principle applies to 
web scraping, where code often breaks due to website changes. In some cases, fallback 
implementations may be desirable—for example, switching from an API to scraping if 
needed. Similarly, databases or data files can be queried directly, facilitating the integration 
of existing datasets into ongoing retrieval tasks.

Formulating relevant connections is inherently platform-dependent. For example, in a 
database of public speakers, account information may exist for four platforms: Facebook, 
Instagram, Twitter/X, and TikTok. A connector to the TikTok Research API could access 
the endpoint that reports which other channels a given channels follows, and return both 
account information (such as subscriber- and like-count) and connection information—in 
this case, a list of channels followed by the given channel. Another connector could retrieve 
the network in the opposite direction, reporting followers, while a third could collect the 
account’s post timeline. Similarly, other connectors can wrap API endpoints from additional 
platforms, databases or files4.

Input and output listing of the connector module

Input Output

Identifier: A valid identifier for the node to 
be retrieved, such as a username or numeric 
ID, depending on the necessities of the 
implementation.
Table specifications: A named set of process 
specifications, where each specification defines a 
process that accepts the identifier and returns a 
list of records. These processes can be scripts, 
programs, or other executable routines.
Common attributes: Additional parameters 
applied to all processes listed in the table 
specifications. Examples include a function to 
retrieve an OAuth token or commonly used 
parameters such as timeouts, page sizes, or hard 
limits.

A keyed data collection, where the keys 
correspond to the table names, and values contain 
the retrieved records.

5.1

Table 2:

4 As an example, consider an implementation that wraps around a Python package for the TikTok 
Research API https://github.com/Leibniz-HBI/spiderexpress-tiktok.
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Example of a connector defined for the TikTok Research API. It accesses the 
follower endpoint, retrieving both channel information and account connections, 
and returns these data for further processing

layer:
  tiktok:
    connector:
      infos:
        type: request
        endpoint: https://open.tiktokapis.com/v2/research/user/info/
        request_body_template: '{"user_name": "$node_name"}'
        method: POST
      connections:
        type: request
        endpoint: https://open.tiktokapis.com/v2/research/user/fol-
lowing/
        request_body_template: '{"user_name": "$node_name"}'
        method: POST

Parser

As noted above, URLs themselves do not carry intrinsic meaning—hyperlinks have no in­
herent semantics. However, because the networked public sphere is highly centralized from 
a platformization perspective, platform-specific rules can be useful. For example, posts on 
X.com follow a predictable URL schema: https://x.com/$username/status/$post_id. Similar 
rules can be defined for other platforms, as their technical systems generally produce 
predictable hyperlink structures.

Leveraging this predictability, relevant identifiers of posts or accounts can be extracted 
from URLs that reference these resources. A minimal syntax for extracting the necessary 
identifiers from hyperlinks can be derived from the following steps: select a field from the 
datum’s content or metadata, access the specified field, optionally apply a regular expression 
with a capture group, and assign the resulting edge the appropriate edge type. Using the 
identifier of the processed resource and the extracted reference(s), edges can then be formed 
between the corresponding nodes.

Similarly, node metadata can be extracted from trace data. For example, a connector (cf. 
Section 5.1) that retrieves both account information and the account’s social connections 
provides two types of data. The account information typically contains fields that can be 
directly mapped within the framework. Social connections can be extracted and mapped in 
a comparable manner, allowing them to be represented as edges in the network.

Input and output listing of the parser module

Inputs Output

Data: A keyed dictionary in which each key 
corresponds to a list of records.
Edge rule set: A list of edge extraction 
specifications. Each specification defines which 
objects and fields to access for both the source 
and the target of an edge, as well as any additional 
metadata to extract. Every specification must 

A keyed data collection in which the keys 
correspond to table names and the values contain 
the retrieved records.

Listing 2:

5.2

Table 3:
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Inputs Output

specify an edge type and the layers in which the 
source and target nodes reside.
Node rule set: A list of node extraction 
specifications, where each specification maps a 
field from the data object to the node metadata 
within the network.

Example of parser rules that process the data gathered by the connector described 
in the previous example, extracting both edge and node information for inclusion 
in the network

parser:
  edges:
    source: $node_name
    target:
      type: follow
      field: connections.data.[].name
      regex: null
    type: repost
  node:
    display_name:
      field: infos.display_name
      regex: null
    subscriber_count:
      field: infos.suscriber_count
      regex: null

Filter

Depending on the use case, it may be necessary to reject portions of the network parsed 
in the previous step. For example, certain actors could be excluded for data protection or 
privacy reasons, such as by setting a minimum subscriber or follower count for inclusion. It 
may also be useful to filter posts containing specific keywords to maintain topical relevance, 
or to select content in a particular language to focus on a single “language sphere.”

Inputs and outputs of the filter module

Inputs Outputs

Network: Node and edge data as produced by the 
parser.
Edge/node rule set: Expressions evaluated using 
the network as an input.

The network with edges and nodes removed 
according to the evaluation of the specified rule 
sets.

Sampler

This module processes the filtered network output and determines the seed set for the next 
sampling hop. It can also use the previous sampler state as input when employing a stateful 
strategy, for example, to avoid revisiting nodes or edges that have already been sampled.

Listing 3:

5.3

Table 4:

5.4
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As discussed in Section 3, the choice of sampling strategy affects exploration patterns, 
and different strategies are suited to different use cases (see Hu and Lau 2013 for an 
overview). Examples include Snowball sampling (Goodman 1961), Forest Fire (Leskovec 
and Faloutsos 2006), Rank-degree sampling, which ranks nodes based on known degrees 
in the original network (Voudigari et al. 2016; Münch et al. 2021), and Spikyball, a general­
ization of multiple strategies that leverages various platform metadata for probability-based 
sampling (Ricaud, Aspert, and Miz 2020).

Input and output listing of the sampler module

Inputs Outputs

Network: Node and edge data from the relevant 
layer(s).
Sampler specification: Defines the strategy to use 
and, optionally, any parameters required by the 
strategy.
Sampler state: Optional state information, used 
by stateful strategies to avoid revisiting nodes or to 
manage multi-hop walks.

A new seed set, as well as the sampled network, 
if the sampling algorithm is stateful, the updated 
sampler state.

Limitations

The proposed framework assumes a multilayer network structure, which requires matching 
nodes across layers. Consequently, it operates at the actor-level, where each actor may 
control multiple accounts across multiple platforms. This approach is feasible when using a 
known set of actors with a pre-established mapping to their accounts. However, when com­
bined with explorative network sampling, it becomes necessary to (automatically) match 
accounts both within a single platform and across platforms, assigning them to individual 
actors. Research methods for this task are still in early stages, such as mining and clustering 
accounts based on behavioral characteristics (Bruns et al. 2025).

A further limitation is that using URL-based network sampling of digital resources in­
herently creates a strong dependence on the network structure of the underlying spherules. 
If certain digital resources are not connected to the portion of the hidden network where 
the sampling begins, they cannot be discovered, meaning some remain entirely undetected. 
Nevertheless, content that reaches a sufficient level of virality is likely to be captured, and for 
most relevant networks, the majority of nodes belong to a so-called giant component.

Another limitation of focusing on URLs is that information diffusion can bypass these 
unique identifiers. For example, users often share screenshots of posts or repost content, 
breaking the chain of observable links. This limitation adds to the inherent multimodality 
of contemporary social media and web platforms, which cannot be captured by URL-based 
networks alone. However, it is possible to enrich the discovered networks post-hoc with 
semantic interlinking, such as tracing paraphrased texts or tracking the diffusion of memes.

On the technical side, the proposed approach—and web scraping in general—can be 
undermined if platforms stop assigning URLs to content or limit their usefulness. Without 
accessible URLs, profiles and content objects cannot be reached from the open Internet. For 
example, Meta allows WhatsApp channels to have an invite link (a URL), but the channel 
contents are not publicly accessible. Nevertheless, not exposing content or user profiles via 
URLs is a significant drawback for platforms, as it prevents important content from being 
referenced externally, whether in media publications or by search engines.

Table 5:

5.5
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Lastly, the current diversification of platforms, particularly the Fediverse, presents 
unique challenges. Content can flow between platforms without relying on URLs to refer­
ence other posts. However, this content is not uniformly distributed across all instances, as 
some instances can block others. This situation complicates the assessment of platform af­
fordances, since content can exist independently of any single platform, and individual plat­
forms may implement widely varying policies and technical approaches.

Conclusions and Outlook

In this article, we proposed a networked-based, exploratory sampling framework for analyz­
ing networked public spheres. Building on theoretical foundations from media and commu­
nication studies, as well as legal and technical considerations, we developed a process that 
enables researchers to capture and sample data from multiple sources in a well-documented, 
interoperable, and repeatable manner.

Our main contribution lies enhancing documentability, (inter-)operationalizability, 
and repeatability. By structuring the data collection process into the four proposed mod­
ules (Connector, Parser, Filter, and Sampler, see Table 1) and their associated rulesets, 
researchers can not only describe their data collection precisely and reproducibly but also 
obtain guidance for building their own module implementations. These implementations 
can interface seamlessly with others, reducing dependence on a single data source. We 
developed this framework alongside an experimental example implementation as a Python 
command-line tool, which is publicly available and actively maintained5.

The proposed framework can be further extended to address the limitations discussed in 
Section 5.5. For example, a new module could be added to automatically match accounts to 
actors based on topological, metadata, or behavioral features. Likewise, additional modules 
and extensions are both possible and desirable to enhance the framework’s functionality 
and adaptability.

A question that remains open—and that will inform both substantive research and 
the further development of this framework—is under which circumstances content posted 
on one platform crosses over to other platforms or sites, becoming linked from external 
sources. This process is naturally influenced by the affordances of both the source and 
target platforms: for example, YouTube videos are frequently linked from other platforms, 
reflecting YouTube’s role as a content search engine rather than solely a social network. 
In contrast, linking Instagram posts or videos has only recently begun to gain traction. 
Additionally, cultural and language-specific practices shape platform affordances, resulting 
in differences in how platforms are used across national and linguistic contexts.

Finally, the sampling algorithms and their suitability for specific research tasks must be 
carefully evaluated. For instance, some research questions may require more localized data, 
where smaller nodes are prioritized before bridging communities through well-connected, 
larger nodes, necessitating different algorithms than those used to study the macrostructure 
of platform figurations. Another promising avenue for multidisciplinary research is the 
development of sampling strategies for multilayer networks, which consider not only indi­
vidual layers or inter-layer connections but also the multilayer network as a whole from a 
global perspective.

With these questions in mind, we hope this contribution will support empirical research 
on digital publics and their interconnectedness, enhancing scalability, scope, repeatability, 
and longitudinal observability. The distribution and diffusion of content across multiple 

6.

5 https://github.com/Leibniz-HBI/spiderexpress.
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platforms is a research area of growing importance today and is likely to become even more 
critical in the near future.
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