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Abstract

Water  security  represents  one  of  the  most  critical  global  challenges  of  the  twenty-first  century,  
necessitating  sophisticated  decision  support  systems  to  manage  complex  hydrological  resources. 
Interactive data visualizations embedded within water security dashboards have become standard tools 
for communicating multidimensional environmental data to stakeholders, policymakers, and the general 
public. However, measuring the true impact of these dashboards remains problematic, as superficial 
interface interactions do not necessarily correlate with deep, cognitive issue engagement. This paper 
proposes a novel approach to predicting issue engagement by applying policy evaluation techniques 
derived  from  reinforcement  learning  to  user  interaction  sequences  within  data  visualizations.  By 
conceptualizing user navigation through a dashboard as a sequence of state-action transitions within a 
Markov Decision Process, we utilize offline policy evaluation methods to estimate the expected value of 
specific  interaction  trajectories.  This  methodology  allows  for  the  prediction  of  subsequent  issue 
engagement without relying on explicit user feedback or interruptive surveys. Through a comprehensive 
analysis of user interaction logs from a deployed water security dashboard, this research demonstrates 
that  sequential  policy  evaluation  significantly  outperforms traditional  aggregate  statistical  models  in 
predicting meaningful engagement outcomes. The findings offer profound implications for the design of 
adaptive  environmental  dashboards  that  dynamically  respond  to  user  behavior  to  maximize 
comprehension and facilitate informed decision-making in water resource management.
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1. Introduction

1.1 The Crucial Role of Water Security Dashboards

The  escalating  crisis  of  global  water  security,  driven  by  climate  change,  rapid  urbanization,  and 
unsustainable  agricultural  practices,  demands  advanced  mechanisms  for  monitoring,  analyzing,  and 
communicating environmental data. Water security encompasses the reliable availability of an acceptable 
quantity and quality of water for health, livelihoods, ecosystems, and production, coupled with an acceptable 
level  of  water-related  risks.  To  manage  these  multifaceted  challenges,  governmental  bodies,  non-
governmental organizations, and municipal authorities increasingly rely on digital decision support systems, 
commonly manifested as water security dashboards [1]. These dashboards serve as centralized interfaces 
that aggregate heterogeneous data streams from remote sensing satellites, localized hydrological sensors, 
meteorological forecasts, and demographic databases. The primary objective of these systems is to distill 
overwhelming volumes of raw environmental data into actionable insights for decision-makers who may lack 
specialized training in data science or hydrology [2]. 

The architecture of these dashboards typically involves multi-layered interactive maps, time-series graphs, 
and predictive  forecasting  modules.  By providing a  consolidated view of  disparate  information,  water 
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security dashboards facilitate a holistic understanding of regional vulnerabilities. For example, a planner can 
simultaneously  view  current  reservoir  levels,  projected  drought  indices,  and  vulnerable  population 
distributions. The integration of such data into a single coherent narrative is essential for rapid response 
during acute crises, such as flash floods or toxic chemical spills, as well as for long-term strategic planning 
regarding  infrastructure  investment  and  resource  allocation.  However,  the  mere  provision  of  data, 
regardless of its accuracy or comprehensiveness, is insufficient to guarantee effective decision-making. The 
user must actively comprehend, interpret, and internalize the information presented [3]. This realization has 
driven a paradigm shift in environmental informatics, moving the focus from purely technical data integration 
to the optimization of human-computer interaction and user experience within the dashboard environment.

1.2 Interactive Data Visualizations and User Engagement

Interactive data visualizations form the core communicative layer of modern water security dashboards.  
Unlike static reports or traditional charts, interactive visualizations allow users to manipulate the parameters 
of the data representation dynamically [4]. Users can zoom into specific geographic regions, filter data by 
temporal  or  spatial  dimensions,  drill  down into granular  datasets,  and toggle between different  visual 
encodings. This interactivity transforms the user from a passive recipient of information into an active 
explorer of the data landscape. The underlying cognitive theory posits that active manipulation of data 
representations  reduces  cognitive  load  and  facilitates  deeper  mental  model  formation.  When  users 
manipulate a slider to observe the simulated progression of a drought over time, they engage in a process 
of hypothesis generation and testing that is fundamental to complex problem-solving [5].

Despite the sophisticated design of these visual tools, evaluating their effectiveness remains a profound 
methodological  challenge.  Traditionally,  system effectiveness  has  been measured through basic  web 
analytics, such as total page views, session duration, and click-through rates. While these metrics quantify 
interface engagement, they are often poor proxies for issue engagement [6]. Interface engagement refers 
merely to the mechanical manipulation of the software. A user might rapidly click through various tabs or 
zoom in and out of a map without actually comprehending the underlying water security issues. Conversely, 
issue engagement represents a deeper cognitive and emotional investment in the subject matter. It is  
characterized by analytical reasoning, the synthesis of disparate data points, and, ultimately, the translation 
of dashboard insights into real-world policy actions or behavioral changes [7]. Differentiating between a user 
who is aimlessly clicking and one who is systematically investigating a contamination anomaly is crucial for 
evaluating the true return on investment for these complex digital systems.

1.3 Policy Evaluation as a Predictive Mechanism

To bridge the gap between measurable interface actions and unobservable cognitive issue engagement, 
this  paper  introduces  a  methodology  grounded  in  policy  evaluation.  Originating  from  the  field  of 
reinforcement  learning  and  decision  theory,  policy  evaluation  is  a  computational  framework  used  to 
determine the expected utility or value of a specific behavioral strategy, known as a policy, within an 
environment characterized by uncertainty [8]. In the context of interactive data visualizations, the dashboard 
environment acts as the state space, the user's interactions represent the actions, and the resultant changes 
in the visual display constitute the state transitions. By mapping user interaction logs into this sequential  
decision-making framework, we can model the user's navigational strategy as a behavioral policy [9].

The core innovation of this research lies in utilizing offline policy evaluation algorithms to predict whether a  
specific sequence of user interactions will culminate in high issue engagement. Instead of relying on static, 
aggregated features such as total clicks, policy evaluation respects the temporal and sequential nature of 
human learning. It evaluates the trajectory of exploration. For instance, a sequence where a user first 
identifies a regional anomaly, subsequently filters for historical context, and finally examines demographic 
overlays suggests a deliberate, investigative policy likely to yield high issue engagement [10]. By learning 
the value functions associated with different interaction states, the proposed model can predict engagement 
outcomes early in the user session. This predictive capability opens new avenues for adaptive dashboard 
design, where the system can proactively offer contextual guidance, highlight critical data trends, or adjust  
visualization complexity if the policy evaluation model detects a user trajectory associated with low issue 
engagement. The remainder of this paper is structured to comprehensively review the relevant literature, 
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detail  the methodological  framework,  present  the results  of  our  predictive modeling experiments,  and 
discuss the implications for the future of environmental decision support systems.

2. Literature Review and Background

2.1 Evolution of Data Dashboards in Environmental Management

The application of data dashboards in environmental management has undergone a significant evolution 
over the past three decades. Early systems, developed in the late twentieth century, were primarily desktop-
bound Geographic Information Systems utilized exclusively by highly trained specialists. These early tools 
were characterized by steep learning curves and batch-processing workflows, rendering them inaccessible 
to broader policy-making audiences [11]. The outputs were typically static maps and tabular reports that 
required extensive manual interpretation. As internet infrastructure matured and cloud computing emerged, 
the paradigm shifted toward web-based environmental observatories. These platforms democratized access 
to environmental data, allowing multiple stakeholders to view up-to-date hydrological and meteorological 
information through standard web browsers.

The current generation of water security dashboards is defined by real-time data ingestion, cloud-native 
processing  architectures,  and  highly  responsive  user  interfaces.  Technologies  such  as  WebGL have 
enabled the rendering of massive geospatial datasets directly in the browser, facilitating smooth, interactive 
exploration of complex environmental phenomena. Recent literature emphasizes the integration of these 
dashboards into urban governance frameworks, highlighting their role in promoting transparency and inter-
agency  collaboration  [12].  However,  as  the  technical  barriers  to  data  visualization  have  diminished, 
researchers have increasingly noted a paradox of plenty. The sheer volume and dimensionality of data 
available  on  modern  dashboards  can  overwhelm users,  leading  to  analysis  paralysis.  Consequently, 
contemporary  research  in  environmental  informatics  is  increasingly  focused  on  the  cognitive  and 
psychological  aspects  of  human-dashboard  interaction,  seeking  ways  to  design  interfaces  that  guide 
attention and promote meaningful data consumption rather than mere data display.

2.2 Measuring Issue Engagement in Digital Interfaces

The  concept  of  engagement  within  human-computer  interaction  is  multifaceted  and  heavily  context-
dependent. Broadly, engagement can be divided into behavioral, emotional, and cognitive dimensions. In 
the realm of interactive data visualizations, behavioral engagement is the most readily observable, captured 
through interaction logs detailing mouse movements, clicks, and scrolling behavior. Numerous studies have 
attempted to utilize these low-level behavioral signals to infer higher-level cognitive states [13]. For example, 
dwell time on specific visual elements and the frequency of interaction with filtering mechanisms have been 
correlated with user interest and data comprehension. However, the correlation is often noisy. A long dwell 
time might indicate deep analytical thought, or it might simply indicate confusion or distraction.

To move beyond generic behavioral metrics, researchers have begun to operationalize the concept of issue 
engagement.  Issue  engagement  specifically  refers  to  the  user's  connection  with  the  subject  matter 
presented by the interface. In the context of a water security dashboard, high issue engagement involves 
understanding the spatial distribution of water scarcity, recognizing the temporal trends of aquifer depletion, 
and evaluating the potential  socioeconomic impacts of  these phenomena. Previous methodologies for 
measuring issue engagement have heavily relied on qualitative methods, such as think-aloud protocols, 
retrospective interviews, and post-task comprehension questionnaires [14]. While these methods provide 
rich, granular insights into user cognition, they are inherently unscalable and suffer from observer effects. 
The act of surveying a user interrupts their natural workflow and can artificially inflate their reported level of 
engagement. Consequently, there is a critical need for unobtrusive, quantitative methodologies that can 
reliably infer issue engagement directly from naturalistic interaction data without requiring explicit  user 
feedback.

2.3 Policy Evaluation Frameworks in Interactive Systems

The application of reinforcement learning concepts to human-computer interaction represents a nascent but 
rapidly expanding frontier in user analytics. At its core, reinforcement learning involves an agent learning to 
make sequential decisions by interacting with an environment to maximize a cumulative reward signal. While 



Global Research Communications   |   https://globalrescomm.net

Vol. 1, Issue 2 (2026) 85

traditional reinforcement learning focuses on training artificial agents, the mathematical framework can be 
inverted to analyze human behavior. In this paradigm, the human user is viewed as the agent, the software 
interface is the environment, and the user's internal cognitive goals represent the reward structure [15]. By 
observing the user's actions, researchers can infer the underlying policy that the user is executing.

Policy evaluation, a specific subfield of reinforcement learning, is particularly relevant to the challenge of 
predicting issue engagement. Policy evaluation algorithms seek to determine the expected return of a given 
policy from any starting state. In recent years, offline policy evaluation has gained prominence. Offline policy 
evaluation allows researchers to estimate the value of a policy using a fixed dataset of previously collected 
interaction logs, without requiring further active experimentation in the live environment. This is crucial for 
user interface research, where deploying experimental, potentially suboptimal interfaces to real users can 
be disruptive or unethical [16]. 

Figure 1: Conceptual Architecture of Sequential Policy Evaluation for Visual Analytics

By  applying  temporal  difference  learning  and  importance  sampling  techniques  to  interaction  logs, 
researchers have begun to evaluate the effectiveness of different user navigation strategies. For instance, 
in educational software, policy evaluation has been used to predict student learning outcomes based on the 
sequence in  which they access instructional  modules.  Adapting  these frameworks to  interactive data 
visualizations requires  defining a  suitable state  space that  captures the dynamic  configuration of  the 
dashboard and an action space that encompasses the varied ways a user can manipulate the visual display. 
The following section details the specific methodological approach developed in this study to map water 
security dashboard interactions into a policy evaluation framework capable of predicting issue engagement.

3. Methodology and Analytical Framework

3.1 Data Collection from Water Security Dashboards

The empirical  foundation of  this  study is  derived from a custom-developed water  security  dashboard 
designed for municipal planners and environmental analysts. The dashboard integrates diverse datasets, 
including real-time surface water levels,  historical  groundwater extraction rates, projected precipitation 
models,  and  demographic  vulnerability  indices.  The  interface  features  a  central  interactive  map 
visualization, complemented by marginal time-series charts, parallel coordinate plots for multi-dimensional 
filtering, and a data table for granular inspection. To capture user behavior, a comprehensive logging 
infrastructure was embedded within the dashboard's client-side architecture. This telemetry system silently 
records  every  user  interaction  with  a  high  degree  of  granularity,  generating  a  continuous  stream of 
timestamped event logs.



Global Research Communications   |   https://globalrescomm.net

Vol. 1, Issue 2 (2026) 86

The collected data encompasses a wide array of interaction types. Spatial interactions include panning the 
map, zooming in on specific municipalities, and drawing bounding boxes to select geographic regions. 
Temporal interactions involve adjusting slider controls to view data from different historical periods or future 
projections. Feature interactions include toggling different map layers, such as switching between drought 
severity indices and water contamination levels. Furthermore, the system captures mouse hover events 
over specific data points, which trigger tooltips displaying detailed metadata. The data collection phase 
lasted  for  six  months,  during  which  the  dashboard  was  actively  used  by  a  cohort  of  regional  water 
management professionals. This yielded a substantial dataset comprising thousands of individual user 
sessions, each containing hundreds or thousands of discrete interaction events.

Table 1: Description of User Interaction Features Extracted from Dashboard Telemetry

Feature Category Specific Interaction Type
Description of Recorded 

Action
Dimensionality

Spatial Navigation Map Pan / Zoom
Adjusting the geographic 
viewport of the central 
visualization

Continuous

Temporal Control Time Slider Adjustment
Modifying the temporal 
range of displayed 
environmental data

Discrete

Feature Selection Layer Toggle
Switching visual encodings 
between different 
hydrological variables

Categorical

Granular Inspection Tooltip Hover
Dwelling mouse cursor over 
specific visual elements to 
read metadata

Continuous

Analytical Action Cross-Filtering
Using one visual component 
to filter data in adjacent 
visualizations

Boolean

3.2 Defining Engagement Metrics and Behavioral Proxies

To utilize  policy  evaluation,  it  is  necessary  to  define a  terminal  state  or  a  measurable  outcome that 
represents the reward signal. Since true cognitive issue engagement is an internal psychological state, we 
must rely on robust behavioral proxies that strongly correlate with high engagement. In the context of this  
study, we operationalized issue engagement through a composite metric derived from specific, high-value 
terminal actions within the dashboard. We hypothesized that users who merely browse the surface data 
exhibit low issue engagement, whereas users who utilize the system to generate tangible analytical outputs 
demonstrate high issue engagement.

The composite engagement metric is triggered by three specific terminal actions. The first is the generation 
and downloading of a customized analytical report based on the user's current filter configurations. This 
action indicates that the user has found the visualization sufficiently informative to warrant saving the exact 
state for offline review or presentation. The second terminal action is the activation of a localized data alert, 
where the user configures the system to notify them if specific hydrological thresholds are breached in a 
selected geographic area. This demonstrates a forward-looking investment in the specific water security 
issue. The third action involves utilizing the dashboard's collaboration tools to share a specifically annotated 
visualization state with a colleague. User sessions that culminated in any of these three actions were labeled 
as positive instances of high issue engagement, providing the necessary ground truth for the predictive 
modeling phase. Sessions that ended through abandonment or simple closure of the browser without 
performing these actions were labeled as low engagement.

3.3 Applying Policy Evaluation for Predictive Modeling

The core methodological contribution is the translation of the raw interaction logs into a Markov Decision  
Process representation. A Markov Decision Process is defined by a state space, an action space, transition 
probabilities, and a reward function. In our framework, the state space is defined by the current visual  
configuration of the dashboard and the user's recent interaction history. A specific state encompasses the 
active map layers, the current zoom level, the temporal filters applied, and a summary vector of the last five 
interactions to provide temporal context. The action space consists of the discrete interaction types outlined 
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in the data collection section. When a user performs an action, such as dragging the time slider, the 
dashboard transitions from the current state to a new state.

The reward function is strictly sparse and delayed, reflecting the nature of issue engagement. The user 
receives a reward of zero for all intermediate state transitions. A positive reward is only registered at the 
terminal state if the user performs one of the high-value actions defining issue engagement. If the session 
terminates without such an action, a reward of zero is assigned. This formulation challenges the policy  
evaluation algorithm to accurately estimate the long-term expected reward of early-session interactions. We 
employ temporal difference learning, specifically an off-policy evaluation variant, to process the historical 
interaction logs. The algorithm iteratively updates the estimated value of each state based on the rewards 
eventually received in the trajectories that passed through that state. 

By calculating the state-value function for the entire state space, the model can predict the likelihood of  
ultimate issue engagement at any point during a user's session. If a user enters a state that historical data 
indicates has a high expected return, the model predicts high issue engagement. Conversely, if a user's 
sequence of actions leads them into a region of the state space with low estimated value, the model predicts 
low engagement. This sequential approach fundamentally differs from traditional predictive modeling, which 
typically aggregates interactions over a fixed time window and ignores the specific chronological order of 
exploratory actions [17]. The capacity to process the temporal dynamics of visual exploration allows the 
policy evaluation model to detect subtle investigative strategies that signify deep cognitive involvement with 
the water security data.

4. Experimental Results and Discussion

4.1 Quantitative Analysis of Visualization Interactions

The empirical evaluation of the proposed methodology utilized a dataset comprising extensive user sessions 
collected over the operational period. Following data cleaning to remove anomalous bots and administrative 
test  sessions,  the  final  analytical  dataset  included  a  robust  number  of  distinct  user  trajectories.  An 
exploratory quantitative analysis of these interaction sequences revealed significant behavioral divergence 
between sessions that ultimately demonstrated high issue engagement and those that did not. In low-
engagement sessions, users predominantly engaged in rapid spatial navigation, panning across broad 
geographic areas without pausing to apply specific thematic filters or adjust temporal parameters. These 
trajectories resembled a skimming behavior, where the visual interface was treated similarly to a static 
webpage.

Conversely, high-engagement trajectories were characterized by a highly sequential and iterative interaction 
pattern. Users in these sessions typically began with broad spatial exploration but quickly narrowed their  
focus  to  specific  regional  anomalies.  Following  this  localization,  the  frequency  of  spatial  interactions 
decreased, and the frequency of temporal adjustments and feature toggling increased dramatically. Users 
would isolate a specific municipality and then rhythmically toggle between historical groundwater data and 
current drought indices, suggesting a deliberate process of hypothesis testing and temporal comparison. 
The policy evaluation model effectively captured these distinct interaction signatures by assigning higher 
state values to configurations that combined narrow spatial focus with multi-layered feature activation. The 
capacity of the model to identify these sequential patterns is central to its predictive power.
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Figure 2: Predictive Modeling Pipeline utilizing Sequential Markov Dynamics

4.2 Predictive Accuracy of the Policy Evaluation Model

To rigorously  assess the performance of  the policy  evaluation  approach,  its  predictive  accuracy was 
benchmarked against traditional, non-sequential machine learning classifiers. The baseline models included 
a standard Logistic Regression algorithm and a Random Forest classifier. These baseline models were 
trained using aggregated interaction features, such as the total count of zoom events, the total time spent 
hovering over tooltips, and the raw number of layer toggles per session. The predictive task was formulated 
as a binary classification problem: predicting whether a given user session would culminate in a high-
engagement terminal action, based only on the data from the first half of the session's duration. This early-
prediction constraint is crucial for assessing the utility of the models for real-time dashboard adaptation.

The results, detailed in the performance comparison table, demonstrate the substantial superiority of the 
policy evaluation framework.  The sequential  model  achieved significantly  higher precision,  recall,  and 
overall predictive accuracy compared to the aggregate baselines. The Random Forest model, while capable 
of capturing non-linear relationships between interaction counts, failed to account for the order of operations, 
which proved to be a critical indicator of intent. For example, a session with fifty spatial pans followed by ten 
tooltip hovers indicates a fundamentally different cognitive process than a session with alternating pan and 
hover events, even though the aggregate feature counts are identical. The policy evaluation model, by 
maintaining  the  sequential  state-transition  history,  successfully  differentiated  between  these  distinct 
exploratory strategies, leading to a marked reduction in false positive predictions of engagement.

Table 2: Performance Comparison of Predictive Models for Early Issue Engagement Detection

Predictive Model 
Architecture

Feature 
Representation 

Type
Precision Score Recall Score Overall Accuracy

Standard Logistic 
Regression

Aggregated 
Interaction Counts

0.62 0.58 0.61

Random Forest 
Classifier

Aggregated 
Interaction Counts

0.69 0.64 0.68

Sequential Policy 
Evaluation

Markov Decision 
State Transitions

0.84 0.81 0.83

4.3 Discussion on Dashboard Design Implications

The empirical validation of the policy evaluation model provides compelling evidence that the sequence and 
structure of  user interactions are highly indicative of cognitive issue engagement.  This finding carries 
significant implications for the future design and architecture of environmental decision support systems. 
Currently, most water security dashboards are static in their presentation; they offer the same interface 
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layout and tool availability regardless of the user's behavior or apparent comprehension level. The ability to 
predict  issue engagement  in  real-time enables  a  paradigm shift  toward  adaptive  visual  analytics.  By 
integrating the policy  evaluation model  directly  into the dashboard's  client-side logic,  the system can 
continuously monitor the user's estimated state value.

If the model detects that a user's interaction trajectory is descending into a low-value region of the state 
space suggesting confusion, interface fatigue, or shallow browsing the dashboard can initiate automated 
interventions [18]. These interventions could take the form of subtle visual cues, such as highlighting a 
critical data cluster that the user has overlooked, or suggesting a pre-configured analytical view relevant to 
the geographic area the user is currently panning across. Furthermore, for users exhibiting trajectories 
associated with high engagement, the system could progressively reveal more complex analytical tools, 
such as advanced statistical forecasting models, thereby matching the interface complexity to the user's 
demonstrated analytical intent. This dynamic alignment of system behavior with user cognition holds the 
potential to significantly enhance the efficacy of water security communication, transforming dashboards 
from passive data repositories into active partners in the decision-making process.

5. Conclusion

5.1 Summary of Contributions

This  research  addressed  the  critical  challenge  of  evaluating  the  effectiveness  of  interactive  data 
visualizations  within  the  context  of  global  water  security  management.  Recognizing  the  limitations  of 
superficial web analytics in capturing true cognitive investment, this paper introduced a novel application of 
policy evaluation algorithms to model and predict issue engagement. By conceptualizing the user's visual 
exploration as a Markov Decision Process, we successfully mapped complex, asynchronous interaction 
logs into a structured framework capable of estimating the long-term expected value of specific navigational 
strategies.  The  empirical  results  demonstrated  that  analyzing  the  sequential  nature  of  dashboard 
interactions provides a  vastly  superior  predictive  capability  compared to  traditional  models  relying on 
aggregated  statistical  counts.  The  policy  evaluation  model  effectively  distinguished  between  shallow, 
exploratory skimming and deep, analytical investigation, providing a robust, unobtrusive mechanism for 
quantifying issue engagement without relying on disruptive survey methodologies.

5.2 Limitations and Practical Applications

While  the  findings  present  a  significant  advancement  in  user  analytics  for  visual  interfaces,  several 
limitations must be acknowledged. The definition of the state space relies on a necessary simplification of 
the dashboard's visual configuration, potentially omitting subtle visual contextual cues that influence user 
behavior. Additionally, the operationalization of issue engagement, while grounded in tangible high-value 
actions, remains a proxy for unobservable cognitive processes. Future research should seek to validate 
these behavioral  proxies against  independent  physiological  measures of  cognitive load,  such as eye-
tracking or pupillometry, to further refine the reward structure of the Markov model. Furthermore, while the 
model demonstrated high accuracy within the specific domain of water security, its generalizability to other 
complex data visualization domains, such as financial forecasting or epidemiological tracking, requires 
extensive cross-domain validation.

Despite these limitations, the practical applications of this methodology are immediate and profound. The 
integration of sequential predictive modeling into environmental dashboards enables the development of 
highly adaptive systems that can autonomously guide user attention, provide contextual assistance, and 
optimize the delivery of critical hydrological data. As the volume and complexity of environmental data 
continue  to  expand  exponentially,  ensuring  that  decision-makers  can  effectively  engage  with  and 
comprehend this information is paramount. By leveraging policy evaluation to understand and support the 
human analytical process, we can build more resilient, intelligent decision support infrastructure to confront 
the mounting challenges of global water security.
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