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Abstract

Government data portals serve as critical infrastructures for evidence based policy making, yet the sheer volume and  
complexity of available data often hinder effective decision making. A major barrier to the utilization of these platforms is 
the lack of analyst  trust in automated predictive models, which traditionally rely on correlational rather than causal  
relationships. This paper explores the impact of integrating causal modeling evidence into interpretable dashboards on 
the trust levels of public sector data analysts. Through a comprehensive mixed methods experimental design, we compare  
analyst  interactions  with  standard  predictive  dashboards  against  those  equipped  with  interactive  causal  graphs  and 
counterfactual reasoning tools. The findings demonstrate that providing explicit causal evidence significantly enhances 
analytical trust, reduces reliance on spurious correlations, and improves the overall accuracy of policy recommendations. 
Furthermore, the study reveals that while causal interpretable dashboards initially introduce a higher cognitive load, this 
effect dissipates over time as analysts build robust mental models of the underlying data generating processes. This research 
contributes to the emerging field of explainable artificial intelligence in public administration by providing empirical  
evidence on how causal frameworks can transform government data portals from passive repositories into trusted analytical 
ecosystems.
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1. Introduction

1.1 Background and Context

The modernization of public administration has been heavily characterized by the proliferation of government data portals. 
Initially conceived as digital repositories to promote transparency and open government initiatives, these portals have 
evolved into sophisticated analytical ecosystems. Today, they are expected to support complex decision making processes 
across various municipal and federal departments, ranging from urban planning and public health to resource allocation  
and emergency response. However, the transition from passive data storage to active predictive analytics has introduced 
significant socio technical challenges. Analysts tasked with deriving actionable insights from these portals frequently 
encounter  black box algorithms that  output  predictions  without  providing an understandable  rationale.  This  opacity  
fundamentally undermines the utility of the analytical tools, as public sector decisions require high levels of accountability, 
fairness, and logical justification. 

As the volume of data within these portals expands, the reliance on automated systems becomes unavoidable. Yet, early 
implementations  of  predictive  analytics  in  government  have  predominantly  relied  on  machine  learning  techniques  
optimized for pattern recognition and correlation. While these models can achieve high predictive accuracy, they are  
notoriously  brittle  when deployed in  dynamic  policy  environments  where  interventions  alter  the  underlying  system 
dynamics. The realization that correlational models cannot reliably guide policy interventions has sparked a critical demand 
for interpretable dashboards. Such interfaces aim to bridge the gap between complex algorithmic outputs and human  
cognitive processes by presenting data in a comprehensible format. Within this context, the concept of analyst trust emerges 
as a fundamental prerequisite for system adoption. If an analyst does not trust the insights generated by the dashboard, the 
entire investment in the data portal infrastructure fails to yield practical policy outcomes. Existing research indicates that 
trust in automated systems is multi dimensional, encompassing beliefs about the competence, reliability, and predictability 
of the system. In the high stakes domain of government analytics, establishing this trust requires more than just visualizing 
data distributions; it necessitates providing analysts with a clear understanding of the mechanisms driving the observed 
phenomena. 

1.2 Problem Statement
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Despite the recognized importance of interpretability in data visualization, current approaches to designing government 
dashboards often fall short of fostering deep analytical trust. The core problem lies in the epistemological limitations of the 
visualizations predominantly utilized in these platforms. Most interpretable dashboards focus on feature importance, partial 
dependence  plots,  or  localized  approximations,  which  inherently  describe  statistical  associations  rather  than  causal 
mechanisms. When policy analysts interact with these tools, they are implicitly attempting to answer "what if" questions:  
What will happen to urban traffic congestion if we implement a new toll policy? What is the expected impact on public  
health outcomes if funding is reallocated? Correlational dashboards cannot answer these intervention based queries without 
risking severe analytical errors due to confounding variables and spurious correlations.

This  misalignment  between the analytical  needs  of  government  workers  and the informational  output  of  traditional 
dashboards creates a persistent trust deficit. Analysts often report feeling uncertain about whether to rely on dashboard 
recommendations, especially when the algorithmic output contradicts their domain expertise or intuitive understanding of  
the policy space. When a system provides a correlation that an expert knows to be spurious, the expert's trust in the entire  
system drops precipitously. Consequently, public sector organizations witness a paradoxical situation: despite massive 
investments in state of the art data portals, policy decisions remain largely heuristic and disconnected from the available  
analytical evidence. The specific problem addressed in this paper is the lack of empirical understanding regarding how the 
presentation of explicit causal modeling evidence, as opposed to mere correlational data, impacts the formation and 
maintenance of analyst trust in the context of government data portals. 

1.3 Research Objectives and Contributions

To address the identified gap in the literature, this paper sets out to investigate the mechanisms through which causal  
modeling influences user trust within interpretable analytical environments. The primary objective is to systematically 
assess the differences in cognitive processing, task performance, and subjective trust levels when analysts are equipped 
with causal interpretable dashboards compared to traditional predictive dashboards. By simulating a realistic policy analysis 
environment, we aim to operationalize trust not merely as a self reported metric, but as an observable behavioral reliance  
on the provided evidence during complex decision making tasks. 

This research makes several distinct contributions to the fields of information systems, public administration, and human 
computer  interaction.  First,  it  introduces a  novel  theoretical  framework that  links causal  inference principles to  the 
multidimensional construct of algorithmic trust, specifically tailored for the public sector context. Second, it provides  
rigorous empirical evidence demonstrating the superiority of causal visualizations over correlational visualizations in 
mitigating confirmation bias and reliance on spurious patterns among government analysts. Third, it offers actionable 
design guidelines for the developers of government data portals, detailing how features such as directed acyclic graphs and 
interactive counterfactual simulators can be integrated into existing dashboard infrastructures to enhance interpretability 
and user adoption. Through these contributions, the paper seeks to advance the paradigm of evidence based policy making 
by ensuring that the analytical tools deployed in government portals are both mathematically rigorous and cognitively  
aligned with human reasoning processes.

2. Literature Review and Theoretical Framework

2.1 Trust in Interpretable Dashboards

The concept of trust in information systems has been extensively studied, evolving from early models of interpersonal trust 
to  complex frameworks  addressing human automation interaction.  In  the  realm of  data  analytics,  trust  is  generally  
conceptualized as the willingness of a user to rely on a system's output in situations characterized by uncertainty and  
vulnerability. Researchers have long established that interpretability is a crucial antecedent to trust [1]. When users can 
comprehend the internal logic or the critical factors influencing a model's prediction, their confidence in the system  
increases. This dynamic has driven the rapid expansion of explainable artificial intelligence methodologies within visual 
analytics.

Interpretable  dashboards  serve  as  the  primary  interface  through  which  end  users  interact  with  analytical  models.  
Historically, dashboard design focused on usability and aesthetics, emphasizing intuitive navigation and clear visual  
hierarchies. However, as the underlying models grew more complex, the design focus shifted toward cognitive transparency 
[2]. Techniques such as local interpretable model agnostic explanations and Shapley additive explanations have been 
integrated into dashboards to show users which variables contributed most to a specific prediction. While these methods  
represent a significant improvement over opaque systems, they possess inherent limitations. As scholars point out, feature 
importance scores only inform the user about what the model is paying attention to, not how the real world system actually 
functions [3].  This distinction is critical  in policy making, where understanding the structural  relationships between 
variables is necessary for designing effective interventions. 

Furthermore, the literature suggests that trust is not a static state but a dynamic process that must be carefully calibrated  
[4]. Over trust can lead to automation bias, where analysts blindly accept erroneous system outputs, while under trust 
results in system disuse. Effective interpretable dashboards must therefore foster calibrated trust, enabling users to identify 
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when a model is likely to be correct and when it might be failing. Some studies indicate that traditional interpretability  
tools can sometimes induce unwarranted over trust, as the mere presence of an explanation, even a nonsensical one, can  
convince users of the model's validity [5]. This highlights the need for interpretability mechanisms that align more closely 
with human deductive reasoning.

2.2 Causal Modeling Evidence in Decision Making

Human cognition is inherently causal. Psychological research demonstrates that people naturally construct mental models  
based on cause and effect relationships to navigate and understand complex environments [6]. When individuals are 
presented with data, they intuitively seek to extract a causal narrative. However, traditional machine learning and statistical 
forecasting models are primarily associative. They detect patterns and correlations within historical datasets but possess no 
internal representation of causality. This fundamental mismatch between human cognitive mechanisms and algorithmic 
architectures is a primary source of friction in data driven decision making [7].

Causal modeling addresses this limitation by formalizing the assumptions about data generating processes. Through the 
use of structural causal models and directed acyclic graphs, researchers can mathematically represent causal relationships, 
distinguish between causation and correlation, and identify confounding variables. The integration of causal evidence into 
decision support  systems allows analysts to perform interventions and counterfactual  reasoning [8].  An intervention 
involves simulating the effect of changing a specific variable, akin to implementing a new policy. Counterfactual reasoning 
involves evaluating what would have happened in a specific past scenario had a different decision been made. 

The literature on causal visualizations is still in its nascent stages but shows significant promise. Studies have demonstrated 
that presenting data alongside causal graphs significantly improves the accuracy of user judgments in diagnostic tasks  
compared to standard scatter plots or bar charts [9]. When analysts are provided with tools to explicitly test  causal  
hypotheses, they are better equipped to avoid the pitfalls of Simpson's paradox and other statistical anomalies [10]. Table  
1 provides a synthesis of the literature comparing traditional interpretability approaches with causal approaches across  
several analytical dimensions.

Table 1: Literature Synthesis of Dashboard Interpretability and Causal Reasoning

Analytical Dimension Traditional Associative Approaches Causal Modeling Approaches

Primary Output Feature importance and correlation Structural relationships and mechanisms

User Interaction Filtering and drill down analysis Counterfactual simulation and interventions

Cognitive Alignment Relies on user to infer causality Explicitly maps to human causal reasoning

Error Mitigation Vulnerable to spurious associations
Robust against known confounding 
variables

Trust Calibration Prone to inducing unwarranted over trust Fosters critical evaluation of evidence

Integrating these causal tools into interpretable dashboards transforms the user experience. Instead of passively receiving 
predictions  and  feature  weights,  the  analyst  becomes  an  active  participant  in  exploring  the  system dynamics.  This  
interactive exploration is theorized to be a powerful mechanism for building deep, resilient trust, as it allows the user to 
validate the system's logic against their own domain expertise [11].

2.3 Government Data Portals as Analytical Ecosystems

Government data portals represent a unique context for the study of analyst trust and system interpretability. Driven by  
open data mandates and the push for evidence based governance, municipalities and federal agencies worldwide have 
established platforms to centralize their data assets [12]. These portals host highly diverse datasets, including demographic 
statistics, infrastructure sensor readings, public health records, and economic indicators. The intended users of these portals 
are typically domain experts, such as urban planners or public health officials, who possess deep knowledge of their specific 
fields but may not have advanced training in data science.

The stakes associated with decisions made using these portals are exceptionally high. A misinterpretation of data regarding 
emergency response times or budget allocations can have profound societal impacts. Consequently, the accountability 
requirements in public administration necessitate that all analytical insights be thoroughly justifiable [13]. If an analyst  
proposes  a  policy change based on portal  data,  they must  be prepared to  defend the logic  behind that  proposal  to  
stakeholders and the public. In this environment, black box predictions are entirely insufficient. 

Despite the availability of vast amounts of data, studies evaluating the effectiveness of government data portals frequently 
report low utilization rates for advanced analytical tasks. Analysts often use the portals merely to download raw data for  
manual processing in spreadsheet software, completely bypassing the built in predictive dashboards [14]. This behavior is 
a direct manifestation of a lack of trust in the portal's analytical capabilities. The public administration literature emphasizes 
that overcoming this barrier requires designing portals that respect the analyst's domain expertise and facilitate collaborative 
problem solving between the  human and the  machine  [15].  By incorporating causal  modeling evidence  into  portal 
dashboards, governments can provide a rigorous, transparent framework that aligns with the imperative for accountable  
and justifiable policy making.
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3. Methodology and Experimental Design

3.1 Research Context and Participant Selection

To rigorously assess the impact of causal modeling evidence on analyst trust, we conducted a controlled experimental study 
utilizing a mock government data portal specifically designed for this research. The context chosen for the portal was urban 
traffic management and environmental policy, a domain that requires balancing multiple interacting variables such as  
public transit investment, road toll pricing, vehicle emissions, and economic activity. This domain was selected because it 
exhibits  complex  causal  structures  with  numerous  potential  confounders,  making  it  an  ideal  testbed  for  evaluating 
interpretability and analytical reasoning. 

Participants  were recruited from a pool  of  professional  data analysts,  policy advisors,  and urban planners currently  
employed within municipal government agencies. A total of two hundred participants completed the study. To ensure the  
validity of our findings, we applied strict inclusion criteria: participants were required to have a minimum of three years of 
professional experience in policy analysis and regular professional interaction with data visualization tools. Participants  
were randomly assigned to  one of  two experimental  conditions:  a  control  group utilizing a traditional  correlational  
dashboard, and a treatment group utilizing a causal interpretable dashboard. The random assignment was stratified based 
on years of experience and self reported statistical proficiency to ensure baseline equivalence between the groups.

Table 2 presents a detailed demographic breakdown of the participant pool. The careful balancing of these characteristics ensures 
that any observed differences in trust and performance can be confidently attributed to the experimental manipulation rather than 
preexisting demographic variations.  

Table 2: Participant Demographic Profile

Characteristic Group A Control Dashboard Group B Treatment Dashboard

Total Participants 100 100

Average Years of Experience 6.4 6.7

Advanced Degree Holders 68 percent 71 percent

High Statistical Proficiency 42 percent 45 percent

Frequent Portal Users 81 percent 79 percent

3.2 Dashboard Design and Operationalization

The core of the methodology revolves around the design of the two dashboard interfaces. Both dashboards were built using 
standard web based visualization libraries and were populated with an identical synthetic dataset containing ten years of  
daily urban metrics. The underlying data generation process was strictly controlled using a predefined structural causal  
model. This allowed us to know the ground truth regarding the effects of any policy intervention, providing an objective 
baseline for evaluating participant accuracy.

The control dashboard represented the current state of the art in traditional interpretable analytics. It featured a series of  
interactive visualizations, including time series line charts for historical trends, correlation heatmaps showing the statistical 
associations between all variables, and a predictive analytics module. The predictive module utilized a random forest  
algorithm and provided local explanations in the form of feature importance bar charts. When a participant queried the  
system for a prediction, the dashboard would display the forecast alongside a chart indicating which variables were most  
strongly correlated with that prediction. 

In contrast, the treatment dashboard was designed around the principles of causal inference. While it retained the basic  
historical visualizations, the correlation heatmaps and feature importance charts were entirely replaced by a suite of causal 
tools. The central feature was an interactive directed acyclic graph that explicitly mapped the assumed causal relationships 
and confounding variables within the urban traffic system. Participants could click on nodes within the graph to view the  
specific  mathematical  mechanisms  linking  the  variables.  Furthermore,  the  predictive  module  was  replaced  with  a 
counterfactual simulator. Instead of receiving a passive prediction, participants could manipulate sliders to simulate policy 
interventions, such as increasing the central city toll rate. The dashboard would then compute the causal effect of this 
intervention, explicitly controlling for known confounders identified in the directed acyclic graph.
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Figure 1: Conceptual Architecture of the Causal Interpretable Dashboard for Government Analytics

Figure 1 provides a comprehensive schematic of the causal interpretable dashboard utilized by the treatment group. By shifting the 
interface from descriptive statistics to interactive causal mechanisms, we aimed to fundamentally alter the analytical experience.

3.3 Data Collection Procedures

The experimental procedure was conducted in a moderated online environment. Participants first completed a pre study  
questionnaire to collect demographic information and establish baseline attitudes toward automated analytical tools [16].  
Following this, they were provided with a standardized orientation video that explained the features and functionalities of  
their assigned dashboard. 

The core task required participants to act as municipal policy advisors. They were presented with three distinct policy 
scenarios related to reducing urban congestion and improving air quality. For each scenario, they were required to use their 
assigned dashboard to analyze the data and formulate a specific policy recommendation. Crucially, the scenarios were 
designed to contain analytical traps involving spurious correlations. For example, in one scenario, ice cream sales were 
highly correlated with traffic accidents due to the confounding variable of summer weather. Participants using the control  
dashboard would see this strong correlation and high feature importance, whereas participants using the causal dashboard 
would see the confounding structure in the directed acyclic graph.

Data collection encompassed three distinct streams. First, we measured task performance by evaluating the accuracy of the 
final policy recommendations against the ground truth of the structural causal model [17]. Second, we collected continuous 
behavioral telemetry during the task. Background logging scripts recorded every interaction with the dashboard, including 
mouse clicks, hover times over specific widgets, and the duration spent utilizing the counterfactual sliders versus the time 
series charts. Third, upon completing the analytical tasks, participants filled out a comprehensive post task survey designed 
to measure multidimensional trust. We adapted established survey instruments from the human computer interaction 
literature to assess perceptions of system competence, integrity, and the participants' willingness to rely on the system for  
real world high stakes decisions [18]. Finally, a subset of thirty participants was selected for semi structured post study  
interviews to provide qualitative context regarding their cognitive processes and emotional responses to the dashboard  
interfaces.

4. Results and Analytical Findings

4.1 Quantitative Impact of Causal Evidence on Trust

The analysis of the post task survey data revealed significant divergence in the trust profiles between the two experimental 
groups. Trust was evaluated across three primary dimensions: perceived competence, structural reliance, and overall  
analytical confidence. Our findings indicate that the integration of causal modeling evidence substantially elevates user  
trust across all measured dimensions. Participants in the treatment group reported higher confidence in the system's outputs, 
noting that the explicit visualization of causal pathways aligned more closely with their professional expectations of policy 
analysis.



Data Science and Computational Intelligence   |   https://dscij.org

Vol. 1, Issue 1 (2026) 29

Table 3 summarizes the aggregate trust and performance metrics collected during the experiment. The scores are normalized on a 
standard hundred point scale for clarity of comparison.

Table 3: Summary of Trust and Performance Metrics Between Control and Treatment Groups

Metric Category Control Group Score Treatment Group Score

Perceived System Competence 64.2 82.5

Willingness to Rely on Outputs 58.7 79.1

Mitigation of Spurious Correlations 41.3 88.4

Overall Task Accuracy 52.1 76.8

The most profound difference was observed in the participants' willingness to rely on the system's outputs for high stakes  
decisions. The control group exhibited a marked hesitance to trust the predictive models, frequently citing the inability to  
understand the "why" behind the feature importance charts. When presented with the intentional spurious correlations  
embedded in the scenarios, many control group participants either blindly trusted the flawed correlation resulting in poor 
task accuracy or recognized the logical fallacy but subsequently lost all trust in the dashboard's capabilities. In contrast, the 
treatment group utilized the directed acyclic graphs to identify the confounding variables successfully [19]. Because the 
causal dashboard transparently presented the structure of the data, including the confounders, participants did not view the 
system as flawed; rather, they viewed it as a competent partner in untangling complex relationships. This transparent  
handling of complexity directly contributed to the higher perceived system competence scores.

4.2 Behavioral Interactions with Interpretable Features

The behavioral telemetry collected during the experimental sessions provided deep insights into how the different interfaces 
influenced analytical workflows. For the control group, interaction logs demonstrated a highly linear and passive analytical 
process. Participants typically set the parameters for a prediction, waited for the output, and briefly reviewed the feature 
importance bar charts before moving on. The average time spent analyzing the interpretability features in the control group 
was relatively brief, suggesting that these features did not provoke deep cognitive engagement.

Conversely, the interaction patterns within the treatment group were highly iterative and exploratory. Participants spent a 
significant portion of their total task time engaging with the counterfactual simulators and interacting with the nodes on the 
directed acyclic graphs. The telemetry showed that users repeatedly adjusted the intervention sliders, observing how 
changes propagated through the causal network. This iterative testing of hypotheses is a hallmark of robust analytical 
reasoning. The data clearly shows that providing causal tools shifts the user's role from a passive consumer of algorithmic 
predictions to an active investigator of system dynamics. This active engagement is heavily correlated with the elevated  
trust metrics reported in the post task surveys. When users feel they have rigorously interrogated the model through 
counterfactual testing, their confidence in the final conclusions is vastly superior to those who simply accept a static  
prediction.

4.3 Cognitive Load and Task Performance Metrics

While the causal dashboard yielded significant benefits in terms of trust and analytical accuracy, our results also highlighted 
important nuances regarding cognitive load. The post task surveys and the qualitative interviews indicated that the initial  
mental  effort  required  to  operate  the  causal  dashboard  was  substantially  higher  than that  required for  the  standard 
correlational dashboard. Understanding directed acyclic graphs and formulating precise counterfactual queries demands a 
higher degree of statistical literacy and abstract reasoning. 

During the first of the three policy scenarios, participants in the treatment group took, on average, twenty percent longer to 
reach a conclusion compared to the control group. However, a longitudinal analysis across the three tasks revealed a steep 
learning curve. By the third scenario, the time to completion between the two groups had equalized, yet the treatment group 
maintained their significantly higher accuracy rates [20]. This suggests that the initial spike in cognitive load is a temporary 
friction point associated with learning a new analytical paradigm. Once participants internalized the logic of the causal  
interface, they were able to process complex information rapidly and effectively. 

The qualitative interviews reinforced this finding. Analysts reported that while the causal tools were initially intimidating, 
they ultimately felt "liberated" from the uncertainty that usually accompanies predictive analytics. One senior urban planner 
noted that the causal graph provided a shared vocabulary that could be used to debate policy assumptions with colleagues, 
something that black box predictive models actively prevent. Ultimately, the performance metrics demonstrate that the 
investment in overcoming the initial cognitive load pays massive dividends in both analytical accuracy and system trust.

5. Discussion and Conclusion

5.1 Synthesis of Findings

This study set out to systematically evaluate the role of causal modeling evidence in shaping analyst trust within the context 
of government data portals. The empirical results overwhelmingly support the proposition that shifting from correlational  
interpretability to causal interpretability fundamentally transforms the human computer interaction dynamic in public sector 
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analytics. By embedding directed acyclic graphs and counterfactual simulators into the dashboard interface, we provided 
analysts with tools that directly align with their natural cognitive processes for evaluating policy interventions.

The synthesis of our quantitative and qualitative data reveals a clear mechanism of action: causal evidence demystifies  
algorithmic outputs by laying bare the structural assumptions of the model. When analysts can visually inspect and 
interactively test these assumptions, they develop a calibrated, resilient trust. They are no longer asked to take a leap of  
faith based on opaque feature importance scores. Instead, they are invited to participate in a rigorous process of hypothesis 
testing. This participatory analytics model effectively mitigates the risks of automation bias and the reliance on spurious  
correlations, which have long been the Achilles heel of standard machine learning applications in public administration.

5.2 Implications for Government Portal Design

The findings of  this  research have immediate and highly actionable  implications for  the design and deployment of  
government  data  portals.  Currently,  massive  public  resources  are  expended on  building  data  infrastructure,  yet  the  
analytical  layer  often relies  on off  the shelf  business intelligence software that  is  fundamentally mismatched to the 
requirements of policy analysis. To bridge the gap between data availability and actionable evidence based governance, 
portal developers must prioritize causal architecture. 

First, we recommend that data portal guidelines be updated to mandate the inclusion of causal modeling frameworks for  
any  system intended to  support  policy  interventions.  Standard  predictive  dashboards  should  be  restricted  to  purely  
forecasting tasks where no intervention is planned. Second, the user interfaces of these portals must be redesigned to 
support  interactive  counterfactual  reasoning.  This  involves  moving  beyond static  charts  and  implementing  dynamic 
simulation environments where analysts can safely explore the ramifications of different policy choices. Third, recognizing 
the initial cognitive load associated with these tools, government agencies must invest in targeted training programs. 
Equipping public sector analysts with foundational knowledge in causal inference and graph interpretation is a necessary  
prerequisite for maximizing the return on investment in modern data portals.

5.3 Limitations and Future Research Directions

While this study provides robust evidence for the benefits of causal interpretable dashboards, it is subject to certain 
limitations that chart the course for future research. Primarily, the experimental design utilized synthetic data and a mock  
data portal. While this allowed for rigorous control over the ground truth and the isolation of experimental variables, it  
cannot fully replicate the political pressures, time constraints, and data quality issues inherent in real world municipal  
environments.  The  synthetic  dataset  was  perfectly  clean,  whereas  actual  government  data  is  notoriously  noisy  and 
incomplete.

Future research should focus on deploying these causal interfaces in longitudinal field studies within actual government  
agencies. Observing how analysts utilize causal dashboards over several months, dealing with real, messy municipal data, 
will provide a more comprehensive understanding of system adoption and long term trust maintenance. Additionally, future 
work must explore how to automate or semi automate the discovery of causal graphs from observational government data, 
as relying entirely on expert defined structural models may not be scalable across all domains of public administration.  
Ultimately, the integration of causal modeling into government data portals represents a critical frontier in explainable 
artificial intelligence, holding the potential to significantly enhance the rigor, transparency, and trustworthiness of public  
sector decision making.
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