
Probabilistic Safety Assessment and Management PSAM 18, July 19-July 24, 2026, Pittsburgh, Pennsylvania 

Improving Visualization of Dynamic Probabilistic Risk Assessment 

Simulations for Risk Insight Extraction 

 
Meredith R. Thibeault*, Joseph O’Leary, Yunfei Zhao, and Katrina M. Groth 

 Center for Risk and Reliability, University of Maryland, College Park, MD, USA 

*thibeaum@umd.edu 

 

 

Abstract: Dynamic probabilistic risk assessment (DPRA) is an advanced risk analysis method that 

more realistically captures the progression of events during accident scenarios that may affect the safety 

of a nuclear power plant (NPP). This method integrates the modeling of random events that may occur 

during an accident scenario with deterministic simulations of system behavior. This provides a detailed, 

accurate understanding of accident scenarios by improving the modeling of interdependencies between 

events and leveraging high-fidelity accident progression simulations. As a result, DPRA supports an 

improved understanding of the system-level risk and the impact on plant operation as a whole.  

 

A DPRA analysis typically involves simulating thousands to millions of accident scenarios, each of 

which produces high-dimensional time-series data with numerous variables and temporal dependencies. 

The scale and complexity of this data introduce significant challenges when trying to efficiently and 

effectively analyze the data to extract actionable risk insights. These challenges create a critical barrier 

to the adoption of DPRA methods within the nuclear energy industry.  

 

This work investigates the use of advanced machine learning techniques to enable efficient analysis of 

high-dimensional DPRA simulation data. Specifically, this work explores methods for dimensionality 

reduction of DPRA simulation results while preserving key information relevant to accident progression 

and risk. The proposed approach aims to facilitate improved visualization of key system behaviors and 

accident patterns within large simulation datasets. By improving the visualization of DPRA results, this 

work  can promote a wider adoption of DPRA methods, ultimately contributing to more efficient, cost 

effective, and safer nuclear power plant operation. 

 

 

1.  INTRODUCTION 
 

Nuclear power plants (NPPs) operate in complex, dynamic environments in which the safety and 

reliability of systems must be maintained under a wide range of both external and internal operating 

conditions. Probabilistic risk assessment (PRA) is a well-established methodology used to 

systematically evaluate the risks associated with NPP operation by identifying potential accident 

sequences, estimating their likelihood, and assessing their consequences [1]. Conventional PRA 

methods, however, rely on static modeling frameworks, which represent system behavior as discrete 

branching points [2]. Because of this, conventional PRA techniques are limited in their ability to 

efficiently capture the time-dependent interactions between systems, operators, and the physical 

processes that occur during the progression of accident scenarios [1, 2]. 

 

Dynamic probabilistic risk assessment (DPRA) was developed to address these limitations by explicitly 

incorporating the time dependence of accident progression into the risk assessment framework [1, 3]. 

This enables a more realistic and comprehensive characterization of system risk than conventional static 

methods can provide, particularly for complex scenarios where the timing and order of events has a 

significant impact on outcomes [2, 4, 5]. 

 

Despite these advantages, the widespread adoption of DPRA methods within the nuclear energy 

industry has been limited [6, 7]. A DPRA analysis typically involves simulating thousands to millions 

of accident scenarios, each producing high-dimensional time-series data, characterized by a large 

number of variables and many time steps per simulation [2, 8]. The scale and complexity of this data 
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presents significant challenges when attempting to efficiently extract actionable risk insights. Current 

approaches to DPRA data analysis and visualization are not well-suited to handle data of this 

dimensionality [9, 10], creating a critical barrier to practical uses.  

 

This work investigates the use of advanced machine learning (ML) techniques to address these 

challenges, with a focus on enabling efficient analysis of high-dimensional DPRA simulation data. 

Specifically, this paper introduces a case study involving a transient overpower event in a sodium fast 

reactor, simulated using the ADAPT dynamic event tree framework [11, 12] coupled with the SAS4A 

system analysis code [13, 14]. The main contribution of the paper is a preprocessing methodology that 

transforms the complex output of DPRA simulations, consisting of discrete events and continuous 

physical process variables, into a unified data format that can be used with recurrent neural network 

(RNN) [15, 16] and long short-term memory (LSTM) [17] based dimensionality reduction techniques. 

This preprocessing approach converts discrete events into physically meaningful continuous state 

variables by using knowledge of the underlying system behavior to define how each event changes the 

state of the system and how that state evolves over time, enabling the two data types to be represented 

in a single framework. 

 

2.  CURRENT STATE OF ART 
 

2.1.  Dynamic Probabilistic Risk Assessment 

 

Probabilistic risk assessment is a systematic methodology for evaluating the risks associated with 

complex engineering systems by identifying potential accident sequences, estimating their likelihood, 

and assessing their consequences [1]. Conventional, static PRA methods represent accident 

progressions through event trees and fault trees, which model system behavior as a series of discrete 

branching points. While these methods have been widely applied in the nuclear industry and form the 

basis of risk-informed regulatory decision making, they are limited in their ability to capture the time-

dependent interactions between systems, operator actions, and physical processes that occur during 

complex accident scenarios [1, 2].  

 

DPRA was developed to overcome these limitations by explicitly modeling the time dependence of 

accident progressions [1, 3]. Rather than representing accident sequences as static branching logic, 

DPRA combines the stochastic modeling of random events with deterministic simulation of system 

behavior, allowing the full time history of an accident scenario to be captured with high fidelity [2]. 

This integration enables DPRA to model interdependencies between events, system responses, and 

operator actions that are not easily representable in conventional static frameworks, producing a more 

realistic and comprehensive characterization of risk [2, 11]. 

 

A central element in DPRA is the dynamic event tree (DET), which extends the conventional static 

event tree by integrating time-dependencies into events [11, 18]. In a DET, each branch point represents 

a discrete event or action, such an automatic system response or an operator action. In addition to having 

an associated probability, each event has a specific time point where it occurs. The full set of scenarios 

generated by traversing the DET provides a probabilistic map of possible accident progressions that 

captures the likelihood and physical consequences of each path [2, 11, 14, 19]. The generation of 

dynamic event trees requires a computational framework capable of managing the branching logic of 

the DET and coordinating the execution of the deterministic simulation code. To address this need, the 

Analysis of Dynamic Accident Progress Trees (ADAPT) framework was developed to provide a code-

agnostic platform for the dynamic generation of accident progression event trees [11, 12]. ADAPT 

manages the DET branching, assigns probabilities to each branch point, and interfaces with the 

simulation code to execute the deterministic system simulations.  

  

To fully explore the space of accident sequences, DPRA relies on a large number of simulations, 

generating a substantial number of high-dimensional simulation data that presents a significant 

challenge for analysis and interpretation [2, 8]. Several approaches have been explored to address these 

challenges. Mandelli et al. developed methods for scenario clustering to identify groups of similar 
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accident progressions within large DPRA datasets, enabling a more structured exploration of the 

scenario space [9]. Subsequent work extended these methods to mining techniques capable of 

identifying risk-important variables and behaviors within DPRA frameworks [10, 20]. While these 

methods show meaningful progress, they are generally limited in their ability to handle the full 

dimensionality of DPRA simulation output and do not leverage the representational capacity of modern 

machine learning architectures. The development of more capable analysis methods that can operate 

effectively on high-dimensional DPRA time-series data remains a challenge.  

 

2.2.  Machine Learning for High-Dimensional Time-Series Analysis  

 

Machine learning (ML) methods have demonstrated strong capability for identifying structure in high-

dimensional time-series data across scientific and engineering domains [21, 22]. Particularly relevant 

to DPRA data analysis are deep learning architectures designed for sequential and time-series data, 

which are well-suited to capture the temporal dependencies that characterize accident progression 

simulations [21].  

 

RNNs are a class of deep learning architectures specifically designed to process sequential data by 

maintaining an internal state, or memory, that evolves as the network processes each element of the 

input sequence [15]. This makes RNNs well suited for time-series data, where the value of a variable at 

any given time step is dependent on previous time steps. LSTM networks are a specialized form of 

RNNs that address the vanishing gradient problem (where gradient signals decay during 

backpropagation, preventing the network from learning long-range dependencies) that occurs in 

standard RNNs, enabling the network to learn across longer time sequences [16, 17]. LSTMs achieve 

this through a gating mechanism that controls what information is retained, updated, or discarded as the 

sequence is processed, allowing relevant features to be preserved [17]. These properties make LSTMs 

particularly well-suited for the analysis of DPRA simulation data, which consists of long time sequences 

with complex temporal dependencies.  

 

LSTMs have been successfully applied to a range of time-series analysis task in the nuclear engineering 

field. Lee at al. demonstrated the use of dynamic event trees combined with deep learning for real-time 

emergency planning in nuclear power plant operation, highlighting the usability of these methods in 

nuclear safety [23]. Yang et al. applied LSTMs to accident diagnosis in nuclear plants, demonstrating 

the ability to classify plant states from time-series sensor data [24]. Bae et al. further demonstrated the 

use of LSTMs for plant parameter trend prediction, showing that these networks can accurately model 

the change in physical process variables across a variety of operating conditions [25]. These studies 

show LSTM models are well-suited for NPP time-series data and motivate their application to DPRA 

simulation data. 

 

A particularly relevant application of LSTM models is dimensionality reduction of high-dimensional 

time-series data. It is possible to use an LSTM-based encoder to create a compressed representation of 

high-dimensional, sequential data by identifying patterns within the large data set [22]. This can be 

directly applied to DPRA simulation data, where each accident scenario is a high-dimensional time 

series and the goal is to identify and preserve key features relevant to risk assessment. Reducing the 

dimensionality of this data would substantially improve the interpretability of DPRA results and enable 

more efficient risk assessment.  

 

3.  DPRA DATASET OVERVIEW 
 

3.1.  DPRA Simulation Data 

 

A DPRA analysis generates two fundamentally different types of data that together describe the full 

progression of an accident scenario: discrete event data and continuous time-series data. Understanding 

the nature of each data type and the relationship between them is essential to understanding the 

challenges associated with DPRA analysis.  
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Discrete event data describes the occurrence of a specific event or action at a distinct point during an 

accident scenario. These events represent branching points in the dynamic event tree and may include 

automatic system responses, such as a reactor protection system response, or operator interventions, 

such as a manual pump trip. Each event occurs once within a given scenario at a specific time point, 

and the set of events that occur defines the unique pathway through the dynamic event tree [2, 11]. In 

addition to the event itself, each branching point has an associated conditional probability, reflecting 

the likelihood that a particular event occurs, given the previous events in the scenario. The discrete 

event data determines the branching structure of the DET and provides the sequences of events through 

the possible accident progressions.  

 

In contrast, continuous time-series data describes the physical process variables throughout the duration 

of an accident scenario. These variables are produced by the deterministic system simulation code 

coupled to the DET framework and capture the thermal-hydraulic and neutronic state of the plant at 

each time step over the course of the simulation [11, 12]. The continuous data is produced for every 

time step of the simulation, making it much denser than the discrete event data, where each event occurs 

at a single time point. The number of variables and time steps in a DPRA analysis means that a high-

dimensional set of data is generated for each simulated scenario, and the full set of thousands to millions 

of scenarios further increases the dataset size and complexity [8, 19].  

 

Together, these two data types provide a comprehensive picture of accident progressions: the discrete 

events define what happens and when, while the continuous variables describe how the physical system 

responds. However, the fundamental difference in structures, one sparse and categorical, the other dense 

and numerical, present a significant challenge for any analysis method that intends to use them in 

combination. This incompatibility is one obstacle to applying modern machine learning techniques 

directly to raw DPRA simulation output, and motivates the preprocessing methodology described in 

Section 4.  

 

3.2.  Case Study: Transient Overpower Event in a Sodium-Cooled Fast Reactor 

 

The dataset used in this study was generated for a DPRA analysis of a transient overpower (TOP) event 

in a sodium-cooled fast reactor (SFR) [5, 14, 26]. A TOP event represents an uncontrolled increase in 

reactor power and is a design-basis accident scenario of particular importance for SFR safety analysis 

[27]. The dynamic event tree for this scenario was constructed using the ADAPT software [11, 12], and 

deterministic system simulations were performed using SAS4A/SASSYS-1 [13], a well-established 

code for transient analysis of sodium-cooled fast reactors.  

 

The dataset consists of 2,052 unique accident scenarios. Each scenario represents a possible pathway 

through the dynamic event tree, defined by a unique combination of system responses and operator 

actions following the initiating event. The discrete event data describes the branching points of the DET, 

capturing component and subsystem state changes and operator interventions at specific points during 

each scenario. The continuous simulation data consists of 106 physical process variables recorded at 

each time step, containing thermal-hydraulic and neutronic values across five reactor channels and a 

whole-core model. Individual scenarios vary in duration, terminating either upon cladding melt, the 

cold pool temperature reaching a critically high threshold, or successful completion of the full 24-hour 

simulation window. Of the 2,052 scenarios, 1,088 reach the full 24-hour duration, the remainder 

terminate early due to one of the two failure conditions. 

 

The scale and diversity of the dataset make it well-suited as a case study for the development and 

demonstration of machine learning-based analysis methods for DPRA data. At the same time, the 

physical complexity of the SFR transient scenario ensures that the dataset captures the nonlinear 

interactions and time-dependent behaviors that motivate the use of DPRA in the nuclear industry and 

present the greatest challenge for conventional approaches.  
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4.  DATASET PREPARATION FOR MACHINE LEARNING APPLICATIONS  
 

4.1.  Preprocessing Requirements for Machine Learning Compatibility 

The raw output of a DPRA analysis presents a fundamental structural incompatibility that must be 

resolved before machine learning methods can be applied. As described in Section 3, DPRA simulation 

data consists of two distinct data types: discrete event data, which describes the occurrence of specific 

system responses and operator actions at individual time steps, and continuous time-series data, which 

describes the physical process variables across the full duration of each accident scenario. While both 

data types are necessary to fully record the accident progressions, their structural differences make them 

incompatible for direct use with sequence-based machine learning architectures such as RNNs and 

LSTM networks [15, 17]. 

 

RNNs and LSTMs operate on sequential data in which every input feature is represented at every time 

step, forming a regularly structured tensor of samples, timesteps, and features [15, 17]. The continuous 

SAS4A output satisfies this requirement, with each of the physical process variables being recorded at 

every time step throughout the simulation. The discrete event data, however, does not. Each discrete 

event occurs at most once within a given scenario, at a single point in time, and is not represented at 

any other time step. This sparse, one-dimensional encoding is structurally incompatible with the dense, 

multi-timestep format required by RNN and LSTM architectures. Simply appending the discrete events 

to the continuous data as additional features is not possible without first transforming them into a time-

series representation.  

 

An additional challenge arises from the many-to-many relationships between discrete events and system 

states. A single discrete event may affect multiple system state variables simultaneously, and a single 

system state variable may be modified by multiple different events at different points during a scenario. 

Any preprocessing approach must therefore account for these dependencies, ensuring that the state of 

each system variable is correctly represented at every time step in a manner that accurately reflects the 

cumulative effect of all events that have occurred up to that point.  

 

4.2.  Preprocessing Methodology 

 

To resolve the structural incompatibility described in section 4.1, we developed a preprocessing 

methodology that converts the discrete event data into continuous time-series representations using 

physical system knowledge. For each discrete event type in the DET, we defined a new time-series state 

variable to represent the relevant system or operational condition throughout the duration of the 

scenario. We assigned each state variable a default nominal value reflecting the initial condition of the 

system prior to any event occurrence. As discrete events occur during the simulation, we use them to 

update the value of the corresponding state variable at that time step, with the new value persisting for 

all subsequent time steps until another event modifies it. This approach transforms each discrete event 

into a physically meaningful state variable that evolves over time in a manner consistent with the actual 

behavior of the system.  

 

The control rod position and primary pump variables provide an example of this approach. In the 

nominal state, we initialize the control rods as withdrawn and the primary pump status to be running. 

When a “reactor protection system scram and trip success” event occurs, we transition the control rods 

to the inserted state and the primary pump status to stopped at that time step, reflecting the physical 

change in the reactor protection system. These inserted and running states then persist for the remainder 

of the scenario. The result is a time-series  variable that accurately represents the control rod position 

at every time step, directly derived from the occurrence and timing of the discrete scram event.  

 

The preprocessing is challenged by the many-to-many relationships between discrete events and state 

variables. Some events affect multiple state variables simultaneously. For example, an RPS Scram and 

Trip Success event requires us to update both the control rod position and the primary pump status in a 

single branching action. Conversely, some state variables are updated by multiple different events. The 
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primary pump status, for example, is modified by scram and trip outcomes, operator trip and recovery 

actions, and operator responses at varying levels of thermal damage. We handle these relationships by 

evaluating all events that affect each state variable and applying their effects in the order in which they 

occur during the scenario.  

 

We defined seven new continuous state variables in total, corresponding to the discrete event categories 

present in the DET. A complete summary of the state variables, their default nominal values, and the 

system changes caused by each branch event is provided in Table 1.  

 

Table 1: Summary of new system state variables and associated branch events 

 
Following this conversion, each of the seven new state variables are represented as a continuous time 

series of the same length as the SAS4A simulation output for that scenario. We then concatenate these 

new variables with the 106 physical process variables from SAS4A, producing a single unified data 

matrix for each accident scenario with 113 columns, one per variable, and a row for each time step. 

This structure satisfies the input requirements of RNN and LSTM architectures and enables the full 

information content of the DPRA simulation output to be used in the machine learning model.  

 

5.  CONCLUSION  
 

In this work, we developed a preprocessing methodology to address a fundamental challenge in the 

application of machine learning to dynamic probabilistic risk assessment data. DPRA simulations 

produce two structurally incompatible data types, discrete event data describing actions that occur at 

New State 

Variable 

Default 

Value 

Branch Event State Change 

Reactivity 

coefficient 

0 Reac. 1 – Reac. 10 Reactivity 

coefficient: 1-10 

Transient 

overpower (TOP) 

0.0 No TOP TOP: 0.0 

  0.06 TOP TOP: 0.06 

  0.3 TOP TOP: 0.3 

  0.5 TOP TOP: 0.5 

Primary pump Running RPS Scram and Trip Success Stopped 

  RPS Scram Success and Trip Failure Running 

  RPS Scram Failure and Trip Success Stopped 

  RPS Scram and Trip Failure Running 

  Operator trips RPS Stopped 

  Operator recovers RPS Running 

  Operator Trips Primary Pumps at High Temp 

(0%, 50%, 100% damage) 

Stopped 

  Operator Does Not Trip Primary Pumps at High 

Temp (0%, 50%, 100% damage) 

Running 

Control rods Withdrawn RPS Scram and Trip Success Inserted 

  RPS Scram Success and Trip Failure Inserted 

  RPS Scram Failure and Trip Success Withdrawn 

  RPS Scram and Trip Failure Withdrawn 

Thermal damage 0% Operator Trips/Does Not Trip at 0% damage 0% 

  Operator Trips/Does Not Trip at 50% damage 50% 

  Operator Trips/Does Not trip at 100% damage 

100% 

100% 

Secondary pump No action Secondary pump enhancement Enhanced 

  No secondary pump enhancement No action 

  Secondary Pump Degradation Degraded 

DRACS No attempt Successful DRACS heat exchange attempt Success 

  No DRACS heat exchange No attempt 

  Failed DRACS heat exchange attempt Fail 
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specific points in time and continuous time-series data that describes the physical process variables 

during an accident scenario. These different structures prevent the direct application of sequence-based 

machine learning architectures, which require all input features to be represented at every time step. We 

developed a methodology that resolves this incompatibility by leveraging physical system knowledge 

to convert discrete events into time series system state variables, enabling both data types to be 

represented in a format usable with RNN and LSTM based machine learning models.  

 

We demonstrated this methodology on a dataset of 2,052 accident scenarios generated from a DPRA 

analysis of a transient overpower event in a sodium-cooled fast reactor, simulated using the ADAPT 

dynamic event tree framework coupled with SAS4A/SASSYS-1. By defining seven physical system 

variables affected by the DET branching conditions we produced a data matrix of 113 variables for each 

accident scenario. This preserves the data output of the original simulation while creating a format 

compatible with future machine learning efforts.  

 

This preprocessing methodology is a necessary step towards enabling machine learning analysis of 

DPRA simulation data. Future work will build on this foundation by applying RNN and LSTM based 

dimensionality reduction techniques to the preprocessed dataset to extract actionable risk insights from 

the high-dimensional simulation output.  

 

The ability to efficiently analyze and interpret DPRA simulation data has a large impact on the adoption 

of DPRA methods within the nuclear industry. The complexity and size of DPRA output has been a 

major barrier to its practical application, limiting the risk assessment benefits that DPRA methods offer 

over conventional static PRA techniques. By demonstrating a path toward machine learning-enabled 

analysis of this data, this work contributes to reducing that barrier and supports the broader goal of 

making DPRA a practical tool for nuclear power plant risk analysis. This has the potential to improve 

the quality of risk-informed decision making in the nuclear industry, contributing to safer, more reliable, 

and more cost-effective nuclear power plant operation.  
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