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Cyberbullying (CB) has emerged as a growing concern among adolescents, with nearly 10% of 
European children affected monthly and almost half experiencing it at least once. Unlike traditional 
bullying, CB thrives in digital environments where anonymity and impunity are prevalent. Despite 
its increasing prevalence, understanding the causal mechanisms behind CB remains challenging due 
to the limitations of conventional statistical methods, which often rely on correlations and are prone 
to spurious associations. In this paper, we introduce a novel human–machine consensus framework 
for causal discovery, aimed at supporting social scientists in unraveling the complex dynamics of CB. 
We leverage recent advances in data-driven causal inference, particularly the use of Directed Acyclic 
Graphs (DAGs), to identify and interpret causal relationships from observational data. Our approach 
integrates automatic causal discovery algorithms with expert knowledge, addressing the limitations 
of both purely algorithmic and purely expert-driven methods, and allows for the creation of a model 
ensemble estimation of the causal effects. To enhance interpretability and usability, we advocate 
for the use of Probabilistic Graphical Causal Models (PGCMs), or Bayesian Networks, which combine 
probabilistic reasoning with graphical representation. This hybrid methodology not only mitigates 
cognitive biases and inconsistencies in expert input but also fosters transparency and critical reflection 
in model construction. Cyberbullying serves as a compelling case study where ethical constraints 
preclude experimental designs, highlighting the value of interpretable, expert-informed causal models 
for guiding policy and intervention strategies.

Cyberbullying (CB) represents a relevant issue among adolescents nowadays, necessitating effective prevention 
and intervention strategies. Approximately 10% of European children are cyberbullied every month1, and nearly 
50% have experienced a CB incident at least once2. New technologies facilitate CB and often occur on social 
media platforms, where the aggressor can perceive impunity or easily hide under a false identity3. A recent study 
showed that, while traditional forms of adolescent violence declined over time, cyberbullying increased since 
20184.

Conventional statistical techniques based on correlations or hypothesis testing are common in social science 
research but can be problematic due to spurious correlations that obscure causal relationships and fail to address 
data biases5. This is especially an issue in contexts where randomized controlled trials are not feasible or ethical, 
leaving observational studies as the primary option. Thus, establishing causal mechanisms and estimating the 
effects of interventions are crucial for research and policy development, particularly when traditional methods 
provide inconsistent or weak evidence.

In recent years, data-driven causal inference research has flourished, focusing on identifying causal 
relationships between variables using Directed Acyclic Graphs (DAGs)6,7. This approach enhances our 
understanding of complex issues by unraveling the intricate relationships between variables and illuminating 
the mechanisms at play. It also encourages researchers to maintain a critical perspective on data collection and 
manipulation while clearly stating their assumptions and hypotheses, fostering productive discussions8.
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Automatic causal discovery algorithms aim to infer causal Directed Acyclic Graphs (DAGs) from observational 
data by identifying statistical patterns based on key assumptions. These include causal sufficiency, which 
assumes all relevant variables are observed with no hidden confounders; the faithfulness condition, where the 
conditional independencies in the data accurately reflect the causal structure; and the Markov condition, stating 
that each variable is conditionally independent of its non-effects given its direct causes9. Additionally, these 
methods assume acyclicity to rule out feedback loops and require sufficient data to reliably estimate statistical 
dependencies. These assumptions enable the use of constraint-based, score-based, and functional model-based 
approaches to recover causal structures. The validity and utility of these assumptions have been widely discussed 
in the literature, notably in recent research on deep generative modeling for causal inference, which highlights 
the significance of unconfoundedness and structural assumptions in high-dimensional contexts10.

On the human side, constructing Directed Acyclic Graphs (DAGs) for causal inference often relies on 
expert knowledge, particularly in areas with limited or noisy data. This reliance can introduce methodological 
challenges, as experts might unintentionally embed cognitive biases like confirmation bias or overconfidence, 
distorting the causal structure and leading to misleading conclusions. Additionally, expert knowledge is often 
incomplete or inconsistent, especially when multiple experts provide divergent views on variable relationships. 
These inconsistencies can complicate the development of a coherent DAG, resulting in models that may be 
oversimplified or overly complex, thus limiting their effectiveness in empirical analysis11.

To tackle these issues, we aim to create a human-supervised methodology that systematizes the construction 
of interpretable, expert-informed causal models using accessible tools. Rather than adopting a purely algorithmic 
approach to DAG building, we train experts to articulate causal connections and constrain algorithmic discovery, 
while also leveraging these algorithms to refine or expand their hypotheses. We also advocate for the use of 
Probabilistic Graphical Causal Models (PGCM)12, commonly referred to as causal Bayesian Networks (BN). This 
intuitive framework effectively combines probabilistic, structural, and graphical elements of causal inference. CB 
represents an excellent example of the kind of research where interventional studies are impossible (unethical) 
and where the interpretability and explainability of potential conclusions are especially important13.

This research is part of the European project H2020 RAYUELA (https://www.rayuela-h2020.eu/). This 
multidisciplinary project aims to better understand the factors influencing risky online behavior (related to 
cybercrime) in a friendly, safe, and non-invasive manner. The RAYUELA consortium is composed, among 
others, of researchers in psychology, anthropology, ethics, criminology, computer science, and engineering.

State of the art and scope of the work
CB has been approached recently using Machine Learning techniques to detect CB14,15 or based on sentiment 
analysis16,17. While these methods seem to be a promising alternative to traditional statistical methods, they lack 
two key ingredients that we consider mandatory for such a sensitive subject: There is a lack of a causal-oriented 
perspective aimed at deploying interventions or informing policymakers, and there is an absence of a systematic 
procedure to integrate expert knowledge with available data. These limitations hinder the effectiveness of Machine 
Learning approaches in providing comprehensive insights into complex causal relationships. As discussed in the 
Introduction, recent advances in causal inference have introduced a wide range of algorithms for automated 
structure learning from data. However, these methods often require large datasets and strong assumptions, and 
their outputs can be implausible or uninterpretable in complex social domains like CB10,18,19. However, they 
leave expert knowledge behind or present it as a false dichotomy between automatic vs human DAG creation.

DAG creation by experts presents important challenges
It is important to emphasize that expert knowledge plays a foundational role in constructing DAGs for causal 
inference, particularly in complex domains where purely data-driven approaches may struggle to capture 
nuanced relationships. However, a growing body of literature highlights that expert input is far from infallible 
and may introduce significant biases into the modeling process. One common issue is the omission of important 
confounding pathways: experts may inadvertently leave out relevant variables or causal links due to limited scope 
or disciplinary blind spots, leading to structurally incomplete DAGs that misrepresent the true data-generating 
process20. This can introduce serious confounding bias, affecting downstream inferences and decisions21.

Another critical issue is the difficulty of validating expert-derived DAGs. Unlike data-driven models, expert-
based DAGs often lack a clear ground truth, making assessing their accuracy or robustness challenging. This is 
compounded by the fact that causal relationships are frequently context-dependent and temporally ambiguous, 
which static DAGs may fail to capture adequately. Additionally, eliciting expert knowledge is inherently 
subjective and may not scale well to high-dimensional settings, where the number of variables and potential 
interactions grows rapidly.

Equally problematic is the directional misspecification of causal arrows. Since DAGs hinge on the correct 
orientation of edges, reversing a causal link—say, inferring that social behavior causes anxiety rather than vice 
versa—can dramatically alter the estimated effects22,23. In addition, many experts conflate correlation with 
causation, leading to conceptual errors in DAG design that reflect statistical associations rather than true causal 
mechanisms. Disagreements among experts can also yield divergent graphs for the same problem, reflecting 
subjective perspectives and implicit assumptions rather than objective truths24,25.

Hybrid methodologies balance the best of both approaches
Compounding these issues is the difficulty experts face in circumscribing relevant factors, especially in 
distinguishing between exogenous and endogenous variables, and in selecting the correct level of abstraction26. 
Moreover, experts often exhibit overconfidence in their judgments, expressing undue certainty in empirically 
ambiguous or contested relationships. These challenges are further exacerbated by the reliance on untestable 
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assumptions, particularly in observational studies where the true data-generating process is unknowable and 
identification depends on strong, unverifiable premises24.

Some proposals in the literature exist for constructing DAGs, combining expert knowledge and data-driven 
algorithms. In particular, Knowledge Engineering Bayesian networks27–29 also contemplates interaction but is 
restricted to the hierarchy of variables (in Medicine, conditions are on one level and symptoms on the other). 
Other approaches also integrate expert knowledge and data but aim to find the most likely DAG compatible 
with the expert constraints and the data30. However, this method does not use causal ingredients (confounders, 
colliders, and mediators) in the design. Finally, other methods filter out automatically discovered DAGs but, 
again, these methods rely exclusively on measurements of goodness of fit or likelihood of the DAG and not 
necessarily on constraints arising from conducted or the existing uncontroversial body of knowledge in the 
field31,32 and do not take into account the implications of the characterization of the interactions (again, the 
distinction between direct effects, and the presence of confounders, colliders, or mediators).

Here, we aim to simplify and systematize a bidirectional information flow between these two actors. For this 
purpose, we selected three classical algorithms—PC, Bayesian Search (BS), and Greedy Thick Thinning (GTT)—
all implemented in the GeNIe software, which facilitates expert-guided model construction, and compared them 
with a state-of-the-art algorithm: DAGs with NO TEARS33.

Our approach emphasizes the integration of expert perspectives and data-driven tools to build a shared 
understanding of causal relationships. Although other approaches to integration of expert knowledge and data 
exist34 and more recently35, our emphasis is on involving end-to-end non-engineering experts in the process of 
building a causal model, which is a key aspect of our work. Also, to move beyond the mere construction of a 
Bayesian network and shift the emphasis towards concepts such as confounder, mediator, or collider that can 
enrich their understanding of the problem. This hybrid strategy aims to combine the strengths of both sources 
of information, mitigating the limitations associated with each and yielding robust causal DAGs upon which to 
work on real problems.

Methods
Causal DAG construction
The generalized form (without causal implications) of the PGCM is the BN, a graphical model representing 
the joint probability distribution of random variables. A BN comprises a DAG and conditional probability 
tables (CPT)36,37. Given a DAG, namely G, and a joint probability distribution P over a set of discrete variables 
X = {X1, . . . , Xn}, we can say that G is modeling or representing P correctly if there is a one-to-one 
correspondence between the variables in X and G such that Eq. (1) is satisfied. Where pai are the direct parent 
nodes of xi in G, and P (xi | pai) is the conditional probability distribution.

	
P (x1, . . . , xn) =

∏
i

P (xi | pai)� (1)

Conditional probabilities play a crucial role in establishing causality, as they allow us to compute the likelihood 
that one event will occur, given that another has already happened. However, interpreting a BN as carrying 
conditional dependence and Independence assumptions does not necessarily imply causality; a valid graph set 
can be constructed from independent variables with any ordering, not necessarily causal or chronological38. As 
discussed above, determining causal relationships requires additional information or assumptions beyond the 
data, such as experimental manipulation or adjustment for confounding variables in observational studies39.

What do we mean by “expert knowledge”?
In this work, we assume that the expert-defined DAG is known and its connections have a causal interpretation 
since it has been constructed based on insights gained through practical experience and literature study40. The 
construction of this DAG is not a trivial task as causality is a loaded word with strong connotations (especially 
in the Social Sciences where it is sometimes interpreted as deterministic association). For the sake of consistency, 
in this section, we expand on previously open-access documents produced during the development of the 
RAYUELA project40.

In the mentioned project, a team formed by psychologists, criminologists, social workers, and sociologists was 
given a seminar to introduce them to the relevant terminology related to causal inference37, including concepts 
such as collider, confounder, and mediator, as well as their implications for causal connections (​h​t​t​p​s​:​​​/​​/​e​v​e​n​t​o​​s​
.​c​o​m​i​l​l​a​​​s​.​e​​d​u​​/​1​0​1​5​​​9​0​/​d​e​t​​​a​i​l​​/​s​​​i​-​l​a​-​​c​o​r​r​e​l​​a​​c​i​​o​n​​-​n​o​-​i​​m​​p​l​i​c​a​-​c​a​u​s​​a​l​i​d​a​d​-​e​n​​t​o​n​​c​e​s​-​q​u​e​.​h​t​m​l). After the exposition, 
we asked the participants the following questions to help them to identify the main building blocks of the DAG: 

	 (i)	 Confounder: Can you think of any factor that might influence both your main independent variable and 
your outcome variable, even if it’s not part of your main hypothesis?

	(ii)	 Mediator: Is there a step or process through which your independent variable affects your outcome? What 
happens because of your independent variable that then leads to the outcome?

	(iii)	 Collider: Is there a variable that is influenced by both your independent variable and your outcome? 
Something that might be a result of both, rather than a cause?

Before that seminar, the team members had already assembled (and conducted some data gathering) 
information from different sources (see Table 1): Focus groups40; Interviews41; Court sentences42; and Literature 
review (this work, see the following paragraphs and section “Literature-informed causal connections”). Here, 
we summarize the main findings of our team (led by co-author M. Reneses) (see section “Literature-informed 
causal connections” for a more detailed account). Previous research43 shows that in countries where young 
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people spend less time online, they reported lower rates of CB. This trend includes CB victimization (e.g.,44,45) 
as well as CB perpetration (e.g.,46,47). Besides, victimization and perpetration are also related to less open 
and more avoidant communication with parents48 and family conflicts48. Aizencot49 showed the connection 
between Internet and social media activity, online self-disclosure, and the education institution phase and CB 
victimization. Previous cyber victimization also increases the likelihood of later CB activities50.

The prevalence of cyber-victimization is greater among LGBTQ students51–53, as well as young migrants 
and ethnic minorities54,55 , and girls56. Although girls’ and boys’ time spent online is similar, their use is not: 
boys engage in more CB57 and report less to an adult when it occurs. Boys are also more aggressive in their 
interactions58. Shohoudi and colleagues59 showed that, regardless of background, girls rated abusive behaviors 
more negatively. Regarding Age, most studies point out that older teenagers are more likely to be both victims 
and offenders of CB60.

Once the information is collected and aggregated from those four sources, the mentioned seminar on causal 
thinking included hands-on work to clarify the differences between different concepts, in particular, colliders vs 
confounders, and the perils of controlling (or not) them—including also a discussion on Simpson’s effect.

Consensus-driven model building
Once we have exposed the formal semantics and assumptions of the model, the proposed methodology to build 
the causal DAG that brings together expert knowledge and data consists of the following four steps, we created 
Table 1 summarizing our integrated knowledge and as a guide for the first step in the following methodology (a 
graphical representation of these steps is shown in Fig. 1):

	1.	 Initial proposals: Structure learning algorithms and the experts build their first proposals without transmit-
ting information between these actors. The experts’ proposals may be based on their experience, previous 
literature, or common sense. From this step, we obtain a series of potential causal DAGs. The experts are 
informed on relevant terminology related to Bayesian networks, including concepts such as collider, con-
founder, and mediator and their implications for causal connections.

	2.	 Consistency causal restrictions: Together with their proposals, the experts forbid a set of causal connections 
to the algorithms that will be included as initial conditions. Naturally, one must be completely confident 
when prohibiting these connections. These restrictions come from common sense or widely accepted knowl-
edge in the literature. Finally, in those cases where the collected evidence is not conclusive or even absent, the 
potential connection is left without restriction.

	3.	 Suggested causal arrows: Conversely, the experts analyze the initial algorithms’ proposals (without restric-
tions) and consider whether any causal relationships found should be incorporated into their second propos-
al.

	4.	 Quantitative comparison and consensus: Once the new algorithmic proposals (with restrictions) and the 
second proposal of the experts have been obtained, a quantitative comparison is made to identify the model 
that best explains the available data. Finally, the best-performing models for the specified metrics are select-
ed, and the implications of each proposal are discussed.

Metrics
Each causal DAG candidate is evaluated using the metrics described below to perform the last step of the 
proposed methodology, which is the quantitative comparison of structures.

Log-Likelihood (LL) Score: The LL score measures how well the DAG fits the observed data. It calculates the 
logarithm of the likelihood function, which represents the probability of the observed data (x) given the network 
structure and parameters (Θ). Formally, it is expressed as log(L(Θ | x)). Higher LL scores indicate a better fit.

Bayesian Information Criterion (BIC): The BIC is a widely used metric that balances the goodness-of-fit 
and model complexity. The BIC score is calculated using the LL score and penalizing the number of parameters 
in the model to avoid overfitting69. Formally, it is expressed as shown in Eq. (2) where k represents the number 
of parameters estimated, n is the number of data points, and L̂ is the maximized value of the likelihood function 
of the model. Lower BIC scores indicate a better trade-off between fit and complexity.

	 BIC = k ln(n) − 2 ln(L̂)� (2)

Risk factor Bibliography Rayuela research Confounder Mediator Collider

Age 60,61 – –
Hours of internet62

–
CB awareness63

Gender 56,57,64 FG40; IV41; CS42 – – Age56

Sexual orientation 51–53 FG40; IV41 – – –

Migratory background 54,55 FG40; IV41 – – –

Hours of internet 43,65 – Age62 – –

Family communication 48,66 FG40 Age, Gender61,67 – –

CB awareness 68 FG40 Age, Gender63 – –

Table 1.  Risk factors for cyberbullying (CB) victimization. FG focus groups (see our work in Ref.40), IV 
interviews (see Ref.41), CS court sentences (see Ref.42).
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K2 score: The K2 score is a particular case of the Bayesian Dirichlet score and is commonly used in BN 
structure learning. It is based on the likelihood of the data given the network structure and parameters70. It 
incorporates prior probabilities and can handle small sample sizes. It also penalizes model complexity, but to a 
lesser extent than BIC. Higher K2 scores indicate a better fit.

Correlation score: This score evaluates how well the Directed Acyclic Graph (DAG) captures correlations 
in the data using the d-separation property71. For each variable pair, a correlation test, typically chi-square, 
is conducted. We then check if these variables are d-connected in the DAG, leading to the calculation of a 
classification metric (e.g., F1 score) based on the correlation test as the true value and the d-connections as 
predicted values. Higher correlation scores reflect better alignment between the data correlations and the DAG.

The choice of metric is influenced by the application goals, model complexity, prior knowledge, and 
sample size. Importantly, the objective of creating the best DAG is to accurately represent hypothetical causal 
relationships rather than merely achieving predictive accuracy. Each metric has its pros and cons. The LL score 
may favor overly complex models, risking overfitting. The K2 score serves as a baseline but depends on specific 
hyperparameters. The BIC is helpful for finding a balance between model fit and complexity, following Occam’s 
razor. The correlation score focuses on testing conditional independence without assessing data fit.

For the LL score, we used a k-fold cross-validation method to compare candidate models, a common approach 
in machine learning to mitigate overfitting72. This technique involves dividing the dataset into k segments and 
training the model k times with different test sets. Notably, the LL score uniquely requires model parameters for 
evaluation, making it the only metric justifying k-fold cross-validation.

Fig. 1.  Conceptual graphical representation of the steps involved in constructing a causal Directed Acyclic 
Graph (DAG). First, experts and structure learning algorithms propose models based on existing literature 
and field research. Next, experts impose certain hard restrictions—while remaining open to others—and 
revise their initial proposals based on the relationships identified by the algorithms. Finally, a quantitative 
comparison is performed, and consensus is reached, as there are no qualitative differences between semi-
supervised automatic DAGs and refined DAGs; both lead to the same conclusions.
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Performing causal tasks
Once we have selected a causal DAG with which we are satisfied and it has been trained with the available data, 
we can perform different analyses to interrogate and validate the model. For example, effect estimation (If we 
change A, how much will it cause B to change?), attribution (Why did an event occur?), counterfactual estimation 
(What would have changed if we had measured a value in A different from the observed value?), or prediction 
(What will we get as a result of a new data entry?)37.

In this paper, we are interested in the task of effect estimation. For instance, estimate the effect of different 
interventions on the risk of suffering CB. To this end, we computed the Average Causal Effect (ACE)73, also 
known as Average Treatment Effect (ATE), to answer the following question: How much does a certain target 
quantity differ under two different interventions? Using the do-calculus notation74, the ACE can be written as in 
Equation (3). The do operator symbolizes an intervention and can be defined as in Equation (4), where S is the 
sufficient adjustment set, the set of variables in the DAG that block all the confounding paths from treatment T 
to outcome Y and meet the requirements of the back-door criterion75. The key strength of this method is that it 
enables us to estimate the interventional probability distribution of the outcome from observational probability 
distributions. This method provides a single value representing the influence of specific interventions.

	 ACE = ATE = E[Y | do(T := A)] − E[Y | do(T := B)]� (3)

	
P (Y | do(T := t)) =

∑
s∈S

P (Y | S = s, T = t)P (S = s)� (4)

If the treatment variable T has more than two options, the ACE can be calculated for a pair of values of interest or 
the values that give the most extreme results. We expressed the ACE results as the percentage difference between 
treatment A and B (ACE = PA − PB) and, equivalently, as an Odds Ratio (OR) following Equation (5). Having 
obtained the results for each variable, we can rank them. Larger ACE values indicate a greater causal influence 
on the outcome.

	
Odds Ratio (OR) = PA(1 − PB)

PB(1 − PA) � (5)

Ensemble causal analysis
One benefit of the LL and BIC metrics is that they can be interpreted probabilistically. In particular, given a 
model Mi, with parameters θi over data D:

	 P (D|Mi) = exp (Log-Likelihood) .

Similarly, BIC arises from a Laplace approximation to the marginal likelihood (e.g., the evidence) of a model76:

	
P (D | Mi) =

∫
P (D | θi, Mi) · P (θi | Mi) dθi

This integral is often intractable, but under certain assumptions (large sample size, regular priors, etc.), it can be 
approximated as:

	
log P (D | Mi) ≈ log Li − ki

2 log n.

So, from (2)

	
P (D | Mi) ∝ exp

(
−1

2 · BICi

)
p(Mi).

If we do not have any preferred model, then all the prior probabilities for each model, p(Mi), are equal. Using 
both definitions, in Table 5 we compute an Ensemble Average Causal Effect (EACE), in which we weigh ACE for 
each model according to its plausibility. Namely, for each model i,

	
wMi = P (D | Mi)∑

j
P (D | Mj)

=⇒ EACE ≡
∑

i

wMiACEMi .� (6)

We think that borrowing the concept of ensemble prediction and adapting it to the estimation of the causal effect 
is an interesting addition to our methodology.

Ablation analysis
Ablation analysis is a geometrically-inspired methodology to evaluate the robustness and reliability of networks 
after link removal, mostly used in the context of deep learning77, but it can be used to analyze BN structures, 
particularly when comparing expert-constructed and automatically learned DAGs against a ground truth. It 
involves systematically removing individual edges from the DAGs to assess their impact on key performance 
metrics. This approach reveals which edges are most influential to the model’s fit and accuracy, providing 
insights into potential overfitting, misspecified relationships, or the loss of critical causal links. By comparing 
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these metrics before and after edge removal, discrepancies between the expert knowledge embedded in the DAG 
and the data-driven inferences of automated algorithms can be quantified, thereby validating or refining the 
network structure.

Here, for illustration, we will limit the analysis to variations after edge removal of LL and Structural Hamming 
Distance (SHD). These parameters measure how different two graphs are by counting the minimum number of 
edge insertions, deletions, or direction flips needed to transform one graph into the other. In our case, we do not 
have the ground truth, but as the final DAGs are relatively similar—they are indeed for the 2nd experts’ proposal 
and DAGS with NO TEARS with restrictions—we will use these ones as an effective ground truth in the analysis.

Data collection
This dataset was collected as part of a previous study78 through a representative survey of children in Madrid 
(Spain) schools, freely available at the Zenodo repository (https://doi.org/10.1016/j.childyouth.2025.108285). 
Informed consent has been obtained from a parent and/or legal guardian. All methods were performed in 
accordance with the relevant guidelines and regulations.

The survey collected responses from 682 students aged 13 to 17, where 46.6% identified themselves as males, 
45.2% as females, 3.1% as non-binary, and 5.1% preferred not to say. The data includes demographic information 
(Age, gender, sexual orientation, migratory background, and family communication), participants’ relationship 
with technology and the Internet, and 4 inquiries about Cyberbullying-related situations and 1 (question 13) 
related to physical isolation.

Table  2 provides the variable values and their percentage of occurrences (i.e., marginal probability). To 
analyze the data, we defined a binary variable called Cyberbullying Victimization Risk that takes the value 1 if the 
respondent has answered at least 2 out of the 5 mentioned questions. We use this threshold in 2 answers rather 
than in 1 to improve the specificity of the survey regarding CB Victimization.

The Universidad Pontificia Comillas Ethics Committee approved the data collection and experimental 
procedures. In addition, RAYUELA’s legal experts also took the necessary measures to ensure that data collection, 

Variable Response values Marginal probability (%)

Gender Prefer not to say 5.1

Male 46.6

Female 45.2

Non Binary 3.1

Age 13 0.6

14 45.3

15 36.4

16 14.4

17 3.4

Sexual orientation Prefer not to say 5.1

Heterosexual 75.5

Non heterosexual 19.4

Migratory background No 78.2

Yes 21.8

Family communication NS/NC 3.1

1 (never) 5.6

2 19.9

3 39.6

4 (very frequently) 31.8

Daily hours of internet NS/NC 6.2

Less than 1 h 4.8

1–2 h 33.3

2–4 h 32.6

More than 4 h 23.2

CB awareness NS/NC 3.5

1 (not worried) 5.7

2 20.8

3 30.9

4 (very worried) 39

CB victimization risk No 86.5

Yes 13.5

Table 2.  Survey of Spanish minors dataset (N = 682): the table shows the possible values of each variable and 
its marginal probability (i.e., the percentage of observations).
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storage, and disclosure comply with the European GDPR. In each session, the researchers and teachers explained 
the project, its main objective, and the data to be collected.

Collaboration with cyberbullying experts from RAYUELA
The expert knowledge comes from members of the RAYUELA project consortium. Work package 1 in that 
project was concerned with creating a knowledge base on the drivers of cybercrime in young people. For this 
purpose, this team conducted research that sought to understand the pathology and physiology of online 
behaviors, characterizing the victims and offenders of cybercrime and the modus operandi.

This team included members from Universidad Pontificia Comillas (Spain), University of Ghent (Belgium), 
University of Tartu (Estonia), University College Limburg (Belgium), Bratislava Policy Institute (Slovakia), 
Ellinogermaniki Agogi (Greece), Polícia Judiciária (Portugal), Valencian Local Police (Spain), Police Service of 
Northern Ireland (United Kingdom), Estonian Police and Border Guard Board (Estonia).

Regarding the crime of CB, this team conducted a total of 33 interviews (8 offenders, 12 victims, and 13 
experts)41 and analyzed 46 court sentences42. As a result, the team acquired a profound understanding of the 
issue, which has been used on several occasions throughout the project and documented in the cited technical 
reports. To interact with the expert knowledge when constructing the causal DAGs, we held discussion sessions 
with some team members from Universidad Pontificia Comillas, who were the leaders of this work package.

Results
This section presents the results from the case study where we apply the proposed methodology for generating 
robust causal DAGs. Firstly, we will show the proposals from the experts and the structure learning algorithms. 
Then, we will apply the method to modify the proposals and compare them quantitatively. We assess the validity 
using the metrics described in the “Methods” section and a systematic ablation study. Finally, we will perform 
causal tasks on the winning models to extract relevant information and verify the robustness of the proposed 
causal DAGs while providing an integrated human–machine ensemble estimation of the causal metrics.

Causal DAG construction and comparison
In the first step of the proposed methodology, the experts and the structure learning algorithms create their 
initial proposals (Fig. 2). The experts do not have any information about the dataset (not even a basic exploratory 
analysis), and the algorithms are trained without restrictions or forced connections from expert knowledge. As 
discussed in Table S1, many algorithms in the literature aim to refine different aspects of causal discovery. As 
shown in Fig. 2c–f , these methods lead to the same unrealistic problems as those used in the main text, pointing 
to unrealistic causal connections. For instance, the proposition that experiences related to cyberbullying and 
migratory background influence an individual’s sexual orientation or that sexual orientation determines gender 
and family communication.

The problem here is twofold: first, although the sample size is considerable for a Social Science study 
(n = 682), not all the classes are equally balanced (as shown in Table  2). This can be responsible for the 
differences in the role of, for instance, Cyberbullying Awareness across different methods. As shown in Sect. S5 
(Supporting Information), the minimum sample size for this problem is about 2600 entries in conservative 
cases, potentially reaching 105 based on standard Machine Learning rules (which suggest at least 10 data points 
per parameter). Consequently, automatic algorithms tend to be biased towards more frequently represented 
parameter combinations.

Besides, in the case of DAGs with NO TEARS, the regularization method is imposed to forbid automatic loops 
that (by definition) should be absent in a DAG, and this, probably behind the reversed arrows in Gender−→
Family Communication or Sexual Orientation−→Gender. Thus, as emphasized throughout this work, expert 
input is mandatory to avoid nonsensical causal implications. We illustrate the dramatic effect of not including 
one mediator on the discovered DAG in Sect. S3 (Supporting Information).

Another problem is that, while experts can successfully merge different causal routes between two variables 
(and different mediators) into a single causal arrow (collectively aggregating the total interventional effect), 
this lack of information on variables missing from the data is not guaranteed in the case of automatic discovery 
(Fig. S2 in Supporting Information). It is worth noting that this arrow reversal is displayed in the connection 
between the outcome variable and Hours of internet in the case of BS, PC, and GITT. Also, except in the case 
of DAGs with NO TEARS, they also seem to fail the relevance of Age on Victimization, something that even a 
black-box algorithm can capture (see Sect. S4 in the Supporting Information).

For reference, Fig. 2a shows the structure that would resemble a traditional statistical pairwise association 
between factors and the target variable. We have called this structure ”naive” as it does not incorporate any causal 
assumption and presupposes that all the variables are potentially explanatory. Next, Fig. 2b shows the experts’ 
first proposal where causal relationships were extracted from the group discussions and the systematic analyses 
summarized in Table  1. Fig.  2c–f correspond to those obtained through the structure learning algorithms. 
We can observe that the algorithms’ proposals often go against common sense. For example, in Fig. 2c, sexual 
orientation causes gender, and gender causes age; in Fig. 2d , numerous variables cause gender, etc. Moreover, 
in these algorithms’ proposals, some nodes are left unconnected in the network, such as migratory background. 
Overall, this nonsensical connection is related to two issues with the data: scarcity and class imbalance.

To overcome the limitations of automatic algorithms while extracting useful information from the data, in 
the second and third steps of the methodology, the experts impose restrictions and forced connections on the 
training process of the algorithms based on common sense and input from the experts. These expert impositions 
are shown in Table 3). For example, looking at the first row of the table, the experts assume that gender cannot 
have a causal effect on Age, sexual orientation, or migratory background. Based on the research, they force the 
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link between gender and Cyberbullying Victimization Risk. Similarly, the experts reconsider some of the causal 
arrows (both presence and direction).

As a result, we obtain refined versions of the initial proposals (Fig. 3). For ease of visualization, the connections 
that differ between the proposals have been highlighted in blue. Figure 3a–c correspond to those obtained from 
the structure learning algorithms, using restrictions and forced connections from the experts. The structure 
shown in Fig. 3e corresponds to the 2nd experts’ proposal after analyzing the initial results from the algorithms 
in detail. This structure is the most densely connected, so it can be expected to be penalized more by some of the 
metrics used, such as BIC or K2. Notably, after correcting for expert knowledge, DAGs with NO TEARS (Fig. 3d) 
and the 2nd experts’ proposal are equal.

Model comparison and evaluation
Once we iterate and obtain a set of causal DAGs, the subsequent stage (Step 4) involves conducting a quantitative 
comparison using the metrics described in section “Metrics”. While in the context of the Social Sciences, the 
existing body of knowledge must be reflected in the model, and the concept of goodness of fit is not as relevant 
as in other fields, here we used a k-fold cross-validation technique to reduce overfitting in the case of the LL 
score. We used k = 5 stratified random segments. The results shown in the first row of Table 4 are the mean of 
the LL in the test segments. Figure 4 shows the results, including the standard deviations of the LL score in the 
test sets. Table 4 presents the findings from this quantitative comparison phase. It is important to note that all 

Fig. 2.  Step 1: Initial proposed causal DAGs. Structure (a) is a baseline where all variables are connected to 
the target variable. Structure (b) is the first experts’ proposal. Structures (c)–(e) were derived by the algorithms 
without using restrictions or forced connections. For the sake of completeness, the popular DAGs with NO 
TEARS algorithm is shown in panel (f).
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the structures compared quantitatively in the last phase are partially based on expert knowledge, as restrictions 
and forced connections are included in their training. Based on the results obtained, the top three structures are 
Bayesian Search (Fig. 3a), GTT (Fig. 3c), and the 2nd experts’ proposal/DAGS with NO TEARS (Fig. 3e). Thus, 
these structures will be used for the following causal analysis.

Average causal effect estimation
Having determined the winning structures, we computed the ACE explained in section  “Performing causal 
tasks”. This analysis allows us to estimate the causal influence that each network node has on the target, which 
in this case is Cyberbullying related situations, see Table 5. This provides insights into the most relevant variables 
influencing the model output, considering them individually. As outlined in the methodology, we express 
the ACE as a percentage difference and the equivalent OR. Combining them with the concept of ensemble 
prediction—encapsulated in the metric EACE—we find that the variable with the greatest causal influence 
is hours of Internet followed by Age and Sexual Orientation. These findings can inform specific awareness 
campaigns focused on younger ages or specific sectors of the population and on the abuse of hours spent online. 
The remaining variables have a highly similar causal influence on the output of the models, except for family 
communication and CB awareness, which have the most negligible influence in all the proposals.

Front-door adjustment and the role of age
Using PGCMs provides key benefits for our study, such as enabling intervention simulations and reducing 
spurious correlations. It also requires explicit hypotheses, promoting transparency and critical discussion in line 
with open science principles. Notably, we observe that while Age is a risk factor, its effect diminishes over time. 
In contrast to the possibility that internet hours are driven by other variables like gender, our analysis shows a 
direct effect. Our causal network quantifies this using the front-door adjustment37. The unadjusted EACE of Age 
on victimization risk is 0.06 (Table 5), and after adjustment.

	
Pfront-door(CB|Age) =

∑
Hours

P (Hours|Age)
∑
Age′

P (CB|Hours,Age’)P (Age’).� (7)

In this case, we find that the value of ACE, if we correct for mediators and unmeasured confounders, is 
EACE  =  0.004. Note that this is almost 0, implying that Age is not, by itself, an important cause of CB 
victimization, but rather it is solely mediated by the number of hours spent online by adolescents (in particular, 
EACE(Hours|Age)  =  0.035). This finding has important implications for prevention efforts and the ongoing 
debate on connectivity among young people. Reducing the number of hours online may serve as a protective 
measure by lowering exposure, which would be a critical message to convey in both educational and family 
settings. This analysis also diminishes the potential impact of a latent variable79 as the front-door adjustment 
corrects for those potential hidden confounders39.

Of course, this analysis does not discard other potential latent explanatory variables not taken into account 
in this study, such as the socioeconomic status of the participants (which was minimized by sampling selection) 
or other personal factors, such as personality. Personality, moreover, is not one of the most frequently mentioned 
risk factors when talking about adolescents and CB. In addition to the volatility of the developmental stage, 
personality may affect other CB risk factors, such as personal information disclosure, but not so much the ones 
mentioned. Previous research80 has found, indeed, that gender and age moderate the relationships between 
personality traits and CB. However, the direct effect of gender and age can be explained, on the one hand, 

Variable  Forbidden connection  Forced connection

Gender [Age, sexual orientation, and migratory 
background] [CB Victimization Risk]

Age [Gender, sexual orientation, and 
migratory background] [CB Victimization Risk]

Sexual orientation [Age, gender, and migratory background] [CB Victimization Risk]

Migratory background [Age, gender, and sexual orientation] -

Family communication
[Age, gender, sexual orientation, 
migratory background, and 
CB awareness]

–

Daily hours of internet [Age, gender, sexual orientation, and 
migratory background] [CB Victimization Risk]

CB awareness
[Age, gender, sexual orientation, 
migratory background, and family 
communication]

–

CB-related situations
[Age, gender, sexual orientation, 
migratory background, family 
communication, hours of Internet, 
and CB awareness]

–

Table 3.  Step 2 and 3: list of restrictions and forced connections imposed by the experts in training the 
structure learning algorithms. Other potential restrictions are omitted when the Experts do not have strong 
evidence and are unconstrained.
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Metrics Naive 1st experts’ proposal Bayesian search PC GTT 2nd experts’ and NO TEARS

Mean Log likelihood [test sets] −1248.54 −1234.92 −1200.72 −1218.82 −1200.72 −1197.39

BIC 54,121.09 54,362.15 7274.62 15,027.07 7274.62 7315.01

K2 score −5521 −5546.13 −5421.98 −5467.67 −5421.98 −5432.44

Correlation score 0.61 0.63 0.67 0.63 0.67 0.63

Table 4.  Step 4: Quantitative comparison of causal DAGs. Cells highlighted in bold indicate the best result 
in each of the metrics. BS and GTT win in those metrics that penalize complexity, but the 2nd Experts’/NO 
TEARS proposals are the ones that explain best the dataset.

 

Fig. 3.  Steps 2 and 3: Refined causal DAGs obtained through the methodology described in this chapter. 
Structures (a)–(d) were derived by the algorithms using the restrictions and forced connections from expert 
knowledge (Table 3). Structure (e) is the 2nd experts’ proposal. For ease of visualization, the connections that 
differ between the proposals have been highlighted in blue, except the one in red that represents a case not 
taken into account in the first expert proposal but that is included after inspection by the experts of the first 
round of automatic causal discovery (Fig. 2a–e).
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through the reproduction of gender roles and social structure and, on the other hand, through maturity and 
evolutionary characteristics.

Ablation analysis results
Figure S6 in the Supporting Information presents the results of an ablation analysis conducted on two directed 
acyclic graphs (DAGs): the 1st experts’ proposal DAG and all the automatically generated ones in Step 1 (before 
including expert restrictions on the DAGs). The analysis evaluates the impact of removing individual edges on 
the change of SHD (∆SHD) and LL (∆LL), shown in each subplot. As a rule of thumb, the more negative the 
values of ∆SHD, the worse, and the more negative ∆LL, the more important is that arrow with respect to the 
ground truth. Also, models with more green bars are better from the beginning. The ablation analysis across the 
models highlights the superior performance of the 1st experts’ proposal and the DAGS with NO TEARS models. 
Both include arrows that are determinant in comparison with the final DAGs (reflected in the values of ∆SHD). 
Positive values of ∆SHD mean that the arrow is important in comparison with the ground truth. That, added to 
the fact that the model maintains structural integrity and data fit.

In Table 6 we filter for those arrows that already have correct edges in all the initial proposals and display the 
value of the ∆LL. As shown, none of the automatically discovered DAGs without restrictions was as plausible 
as the first experts’ proposal. This justifies quantitatively the idea that algorithms are not necessarily reliable out 
of the box.

Variable

Bayesian search GTT
2nd experts’/NO
 TEARS Ensemble ACE

ACE (%) Odds ratio ACE (%) Odds ratio ACE (%) Odds ratio EACELL (%) EACEBIC (%)

Daily hours 
internet 6 1.69 6 1.69 6 1.69 6 6

Age 5 1.55 5 1.55 6 1.58 6 5

Sexual orientation 4 1.36 4 1.36 4 1.40 4 4

Gender 2 1.18 2 1.18 3 1.27 3 2

Migratory 
background 1 1.05 1 1.05 0.1 1.02 0.1 1

CB awareness 0 1.00 0 1.00 0 1.00 0 0

Family 
communication 0 1.00 0 1.00 0 1.00 0 0

Table 5.  Average causal effect estimation across three causal structures: BS (Fig. 3a), GTT (Fig. 3c), and 2nd 
experts’ Proposal/DAGS with NO TEARS (Fig. 3d, e). Larger values indicate a greater causal influence on the 
outcome. ACE represents the maximum difference in probabilities (estimated by the PGCM) of having suffered 
CB-related situations by simulating interventions on all possible values of each variable. We also include the 
odds ratio related to the ACE (Eq. 5). The last two columns stand for the ensemble prediction (EACE) using 
weights computed from Eq. (6) using LL and BIC to compute the weights.

 

Fig. 4.  Results of the cross-validation (k = 5) evaluation using the Log-Likelihood (LL) metric on the test sets. 
Standard deviations are included. The 2nd  experts’/NO TEARS proposals are the winner, although it should be 
noted that the mean of the Bayesian Search and GTT proposals are within their standard deviation.
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Discussion
To demonstrate the validity of our proposal, we present a case study applying a consensus-building framework 
rather than performing causal discovery in the strict sense. Our emphasis is on assisting domain experts in 
refining and validating causal models that are theoretically grounded. While our method uses structure 
learning algorithms, these serve a secondary role: to inform or challenge expert beliefs, not to replace them. 
We deliberately rely on well-established methods (PC, GTT, BS) because they offer interpretability and ease 
of constraint integration, which is essential in sensitive and data-scarce settings. Remarkably, DAGS with NO 
TEARS performs particularly well and converge to the same DAG as the experts. However, these algorithms 
alone do not resolve the core limitations: sample scarcity and the existence of non-negotiable causal connections 
defined by theory or policy relevance. However, overall, the value of using causality-based approaches like PGCM 
(Probabilistic Graphical Causal Models) prioritizes understanding the underlying mechanisms of phenomena, 
promoting discussion and open science, which makes them particularly suitable for sensitive issues like bullying. 
In the context of causality, there is no such thing as an optimal DAG. Therefore, we can use LL and BIC obtained 
during training to probabilistically combine the best-scoring models into a single ensemble prediction. While 
the results may not differ significantly from those of any individual model, there may be other problems or fields 
where greater discrepancies arise. In such cases, this approach could serve as a useful tool for balancing different 
solutions.

Although our work has produced positive outcomes, we must acknowledge the existence of unmeasured 
factors that influence bullying, which limits the scope of our results. The complex nature of this social 
phenomenon suggests that additional variables may play a significant role in its dynamics, highlighting the 
need for future research to capture a more comprehensive understanding. The accuracy of our findings is closely 
linked to the quality and diversity of the data we used. Our study focused on a group of minors from Madrid 
(Spain), which may limit the generalizability of our methods. To strengthen our conclusions, we must validate 
our approach with a larger and more diverse dataset encompassing various demographic and cultural contexts.

The finding that Gender and Sexual Orientation exert a direct effect (independent, for instance, of hours 
spent online) is highly significant for prevention efforts. CB prevention programs often focus on social skills and 
empathy, yet they make limited reference to structural issues that are also instrumental in these behaviors. For 
example, the reinforcement of gender roles (and heteronormativity) and the tendency to punish defiance of these 
norms are influential factors that deserve attention in prevention strategies.

Another implication of our causal diagram is related to the spurious correlations induced by stratifying a 
collider (in this case, the target variable, Cyberbullying Victimization Risk). In particular, we have not found any 
evidence on the role of gender in the number of hours spent online. However, if we stratify on the victims (in 
our case, meaning that we condition on the target value being 1), we find a strong association between them: the 
mode of the conditional distribution for females is 2-4 per day, while for males just 1-2 (and, as Pearl stated37, is 
one of the benefits of causal reasoning to spot the so-called Simpson effect).

Also relevant for prevention is that the slight effect of receiving information about internet risks at home 
disappears when the gender of the participants is taken into account. This brings us back to the need to 
address prevention from a gender perspective, also when carrying out interventions with families: the type of 
communication that is established at home and our perception of girls as more vulnerable could mean that we 
do not sufficiently inform boys about the risks of the Internet, of which they are also potential victims as well 
as future aggressors. As can be seen in that part of the DAG, Communication, and Awareness are mediated by 
Gender, leading to a negligible causal effect in this case.

It is worth emphasizing that this work aims not to introduce new causal discovery techniques or to compare 
the accuracy of algorithms. Rather, we aim to create a practical, transparent methodology for guiding social 
scientists in constructing causal diagrams using a balance of domain knowledge and data. The use of GeNIe’s PC, 
Bs, and GTT is a deliberate choice that favors interpretability, ease of constraint specification, and widespread 
availability over algorithmic novelty. We reviewed newer alternatives, such as NOTEARS, that provide better 
results but might be intimidating to program for non-technical social scientists. Also, as already emphasized, 

Model Removed arrow ∆LL

1st experts’

Age → Hours_Internet −14.19

Gender → CB −32.21

Age → CB −48.73

Hours_Internet → CB −51.94

Sexual_Orientation → CB −26.31

BS Gender → Family_Communication −19.05

GTT Gender → Family_Communication −19.05

NO TEARS

Age → CB −12.08

Hours_Internet → CB −15.53

Sexual_Orientation → CB −10.86

Table 6.  Ablation analysis results across models for originally correct causal arrows. Note that the 1st experts’ 
proposal has the most negative values of all, meaning that removing those arrows individually produces less 
likely models.
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they do not address the structural constraints imposed by expert knowledge, nor the sample size limitations 
that characterize much of social science research. The key contribution of our work lies in operationalizing a 
consensus-based modeling process that is reproducible, explainable, and grounded in both theory and data.

Finally, it is important to recognize the inherent limitations of PGCM. The accuracy of our results depends 
on the restrictions and connections imposed by experts. Additionally, as the number of variables in the PGCM 
increases, the complexity and computational demands can grow exponentially, potentially making the model 
difficult to interpret. This underscores the necessity of thoroughly validating our results and assumptions, 
especially as the model’s complexity increases.

Conclusions
This article contributes to the study of CB, obtaining robust causal models by mixing expert knowledge and data-
driven algorithms. To demonstrate the validity of our proposal, we have analyzed a case study using data from a 
representative survey of children in Spanish (Madrid) schools.

The combination of expert training, expert causal graph-proposal, and PGCM in CB is a novel approach 
incorporating a causal analytical perspective, allowing us to delve deeper into its complex dynamics and reach 
a consensus between expert knowledge and data-driven algorithms. This approach distinguishes our work from 
other methodologies based on machine learning, focused on maximizing predictive power or correlation search 
techniques commonly employed in classical social sciences, which can sometimes be problematic due to their 
tendency to rely on spurious correlations and not take into account data biases.

Integrating expert knowledge with external data using structure learning algorithms overcomes the 
inherent limitations of each approach. On the one hand, experts learn new causal connections proposed by 
the algorithms. On the other hand, the algorithms have to adjust their training to the constraints and forced 
connections imposed by the experts or by common sense.

Our findings in the case study highlight the significance of the variable Age in influencing CB victimization 
among those variables considered in the model. However, the rest of the variables studied also have a significant 
causal influence. From an intervention and policy perspective, our results suggest that efforts should focus 
on prevention strategies during critical developmental stages, such as promoting acceptance of diverse sexual 
orientations and gender identities among children and implementing awareness campaigns. However, it is 
worth acknowledging the unexplored factors influencing victimization that were not captured in our survey. 
Thus, the conclusions drawn from the results may be limited. Despite these limitations, adopting PGCM and 
incorporating expert knowledge is invaluable for elucidating complex phenomena, especially in scenarios with 
limited sample sizes, as is often the case in the social sciences.

In summary, this research proposes a general methodology to obtain robust causal models, improves our 
knowledge of CB, and demonstrates the effectiveness of causality-based methods in addressing similar issues. By 
doing so, we enable the creation of better preventive measures to reduce cybercrime among children and ensure 
their safety and well-being.

Finally, some potential improvements in our methodology should be mentioned. The trickiest part is 
codifying expert knowledge regarding causal relationships between variables. Here, we have constrained only 
those arrows sustained by strong evidence while leaving the rest unconstrained. An improvement would be to 
leave all unconstrained but use weights stating the confidence (as odds ratios or probabilities) that could serve as 
priors for those automatic methods. Another improvement could be the use of signed biases (the direction of the 
effect) as prior information for the algorithms. These two suggestions could simplify DAG building and reduce 
the biases that the experts forced.

Data availability
The datasets generated and/or analysed during the current study are available in the zenodo repository ​h​t​t​p​s​:​/​/​
z​e​n​o​d​o​.​o​r​g​/​r​e​c​o​r​d​s​/​1​5​2​4​5​2​1​6​​​​​.​​
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