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ABSTRACT

This thesis examines the inadequacies in qualifying Artificial Intelligence (Al) software
for the Canadian nuclear energy sector. The nuclear energy sector is a high-risk
environment with strict regulations to ensure safety. Despite the rising popularity of new
technologies like AI, a compliance assessment would be needed against nuclear
qualification procedures.

First, the thesis analyzes the existing regulatory framework within the Canadian nuclear
sector. This analysis reveals potential gaps that traditional software qualification methods
fail to address when applied to Al The risks of Al primarily linked to the complexity and
opacity of decision-making processes, show the need for a new approach to Al regulation
in nuclear.

Next, a review of the Canadian regulatory framework focusing on the Canadian Standards
Association (CSA) N290.14 with case studies of qualifying commercial software is
presented to showcase the software qualification lifecycle. Through these detailed case
studies, gaps are identified when applying the software qualifications methods to Al
software.

The thesis also suggests three methodologies for future AI qualification: model
interpretability, feature importance, and data diversity. These features are investigated in
order to improve the transparency, reliability, and safety of Al applications in high-risk
contexts such as nuclear power plants.

Finally, the thesis proposes incorporating these three methodologies of Al into the software
qualification framework to significantly mitigate the risks and support a safe deployment

and operations of Al based software in the nuclear sector.
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CHAPTER 1 Introduction

MOTIVATION

Software qualification is an essential procedure that ensures the reliability of all software
systems used in safety-critical applications within the Canadian nuclear industry. Software
systems have several important processes in nuclear power plants, such as safety systems,
emergency procedures, and reactor management. These systems must be as reliable as
possible to avoid malfunctions impacting plant safety and reliability. Because of these
significant risks, nuclear facility software must pass stringent qualification procedures to
guarantee reliability and safety. In addition to preventing accidents, the goal is to keep the
public, stakeholders, and regulatory bodies confident. For the sake of public confidence
and operational integrity, software qualification is crucial in a sector as closely watched as

nuclear power.

In Canada, the Canadian Standards Association (CSA) N290.14-15 [1] standard is used to
qualify software components used in nuclear power plants. The guidelines provided in the
standard ensure that every software component complies with strict quality assurance
procedures. The qualification process defined by the standard for software components
decreases the probability of software-related errors and ensures they meet the minimal
safety and reliability criteria. Regulatory bodies, like the Canadian Nuclear Safety

Commission (CNSC) regulates and implements the qualification processes.

Conventional qualification approaches, however, were devised for software that’s
deterministic, or predictable; that is, software does what it’s programmed to do. Classical
computer programs and control logic operate according to a predefined sequence of steps.
This trivial property is important in nuclear power for modelling and validation. In contrast,
Al software does not calculate an output by operating on inputs in a deterministic fashion.
Instead, an Al model ‘learns’ from a data set, and the ‘computation’ of a response to a new
input is achieved via the interaction of a model with a vast set of parameters. AI models
learn from data, and they can adapt over time. This is their biggest advantage, and what

makes Al models so successful and useful in many contexts. But it turns out to create huge,
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unprecedented safety-related hurdles in safety-critical environments such as nuclear

systems.

Deep neural networks — which are central to the operation of many Al models — often
operate as a ‘black box’, as it is hard to predict how an Al model will behave in all
circumstances including rare or extreme scenarios. Current methods for qualifying
traditional software — based on understanding the inputs and outputs of a system — are less
suited for the black-box nature of much Al software, where the decision-making process

can sometimes be unknowable.

This thesis proposes new methodologies for qualifying Al software for use in nuclear
power plants, which have one of the highest safety and reliability criticalities. It aims to
bridge the gap between traditional software qualification practices and the unique

requirements posed by Al

RELATED WORK

Safety-critical systems, specifically, the qualification of software in them, have been
researched for several decades now. Leveson , Safeware: System Safety and Computers,
put forward the concept of software safety [2], in which many researchers later followed.
During this period, priority was given to verifying and validating correct software
behaviour under all anticipated operating conditions, as a prerequisite to human safety.
This also set the stage for modern software qualification standards, such as the CSA

N290.14 standard for qualifying software in nuclear power plants.

Jose M Faria, Machine Learning Safety: An Overview [3], reviews the shortcomings
specific to machine learning systems in safety-critical applications, such as the inability to
predict model behaviour in unseen conditions, as well as the inability to guarantee thorough
test coverage in such systems. She notes that these challenges suggest the need for new
verification and validation approaches in high-assurance environments to overcome the

complexity of Al and mitigate its risks.

The CSA N290.14-15 [1] standard specifies the qualification of nuclear power plant

software to establish the safety and reliability of nuclear power plants. This approach is
2



completely sound for traditional software, where the understanding of processes is
straightforward. However, it is not suitable for advanced Al systems, where understanding

is sometimes impossible due to difficulties in explaining the underlying model.

Some studies suggest that Al-based software can be used to boost many aspects of
operations at nuclear facilities, particularly to maximize safety, efficiency, investment,
production and decision-making. An example includes a fault prediction system utilizing
machine learning for the primary heat transport system of a Canada Deuterium Uranium
(CANDU)-type pressurized heavy water reactor [4]. Other examples include enhancing the
real-time localization of CANDU fuel defects through ancillary data integration and neural
networks [5]; implementing machine learning in assessing fitness-for-service for CANDU
reactors [6]; leveraging machine learning for enhanced verification of refuelling operations
in CANDU-type nuclear power plants, with direct implications for nuclear safeguards [7];
utilizing machine learning for the classification and visualization of radioactive materials
in nuclear forensics applications [8]; automated detection and classification of defects in
CANDU pressure tubes [9]; application of deep learning for automated flaw detection in
ultrasonic testing scans of nuclear fuel channels [10]; solutions for auto-detection and
sizing of pressure tube flaws in CANDU reactors using ultrasonic testing scans,
demonstrating the applicability of deterministic algorithms in the nuclear sector for flaw
detection [11], using a Large Language Model (LLM) to classify Station Condition
Records (SCRs) at nuclear power stations into safety-related and non-safety-related
categories , evaluating the effectiveness of ChatGPT in answering nuclear domain-specific
queries, highlighting improvements in accuracy when using a Retrieval Augmented
Generation (RAG) framework [13], and machine learning-driven energy management in a
hybrid nuclear-wind-solar-desalination facility [14]. Al can be deployed in several nuclear
applications, from robotics control for maintenance, to automated inspections and hazard
detection, to leveraging Large Language Models (LLMs) to process large amounts of
nuclear data to support safety analysis and decision-making [15][16]. Al can also benefit
from approximate computing, a method that employs lower-precision arithmetic to

enhance computational efficiency[17] - [23].



With reference to the existing regulation standard, CSA N290.14-15 [1], and a review of
current literature, the existing gaps and needs for Al regulation are identified in this
study. Aspects that are investigated and applied in Al regulation to highlight some
criteria, such as the interpretability of the model, the importance of the features and the
diversity of the data. All these elements are presented as the foundational aspects for the

qualification of future strategies, supporting the safe implementation and operation of Al.



CHAPTER 2 GAP ASSESSMENT IN REGULATING AI SOFTWARE

The existing experience with Al in nuclear applications suggests that there are tremendous
benefits to be gained through increased safety and better-informed decisions for the sector.
Yet its widespread adoption also comes with a host of complex legal, regulatory, technical
and ethical challenges that will need to be managed. At this point in time, it is interesting
to recognize the present state of Al regulation and the ethical reflections in the nuclear
field. It is also important to review what limits the existing frameworks, pulling out lessons
from their shortcomings especially with regards to the absence of specific provisions for
Al technologies. Subsequently, this chapter rounds up some of the international efforts to
develop a more robust framework for regulatory approaches and examines the strategic
implications of embracing Al in nuclear applications. Finally, this chapter highlights tools
and frameworks available for nuclear practitioners, with a view to advancing Al

development that are in alignment with the existing regulatory and ethical frameworks.

2.1 ETHICAL AND STRATEGIC LANDSCAPE

One of the key questions that the current technological landscape of Al is quickly posing
to society regards the different kinds of legal regulation and frameworks that should be
applied to its use and development. Al is an evolving, very fluid space, with constant and
rapid advancements in model architectures and training techniques, decreases in cost of
computing, increases in hardware capabilities and, overall, a line of exponential
improvements that have rapidly led to widespread adoption and growing integration in
nearly every sector and market. From a technological point of view, the advancements and
wide diffusion of Al have been incredibly successful, although this has inevitably led to
several risks and challenges that need to be addressed at an ethical level and for which

many mitigation strategies have been proposed.

While in 2020, the International Telecommunication Union (ITU) identified that only
around 20 per cent of countries regulate Internet of Things (IoT) or devices. There is
currently no explicit regulatory framework on Al in Canada [24]. However, the Artificial
Intelligence and Data Act (AIDA) was proposed as a part of the Digital Charter
Implementation Act of 2022 to provide a preliminary framework for the use of Al in
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Canadian businesses. The act seeks to "ensure that Al systems deployed in Canada are safe
and non-discriminatory and would hold businesses accountable for how they develop and
use these technologies" and hold businesses accountable for using Al technology [25].
Specifically, the AIDA will require that companies identify and address the risks of their
Al systems concerning harm and bias, maintain relevant records, assess the intended uses
and limitations of Al systems and ensure their users understand them, and enact risk
mitigation strategies and ensure continuous monitoring of their Al systems. While the act
itself is not legislative regulation, it intends to provide an overarching framework for the
future creation of detailed regulations. AIDA is particularly focused on "high impact"

systems, which are classified based on several factors [25].

2.2 REGULATORY FRAMEWORKS AND INTERNATIONAL EFFORTS

Similarly, in the United States, there remains a lack of federal or state initiatives towards
the regulation of Al. That said, several arms of the US government, notably the National
Institute of Standards and Technology (NIST), the Federal Trade Commission (FTC) and
the Food and Drug Administration (FDA), have come up with frameworks, guidances and
intentional directives toward regulatory approaches to Al In January of 2023, NIST
released its Al risk management framework 1.0 (RMF) [26], as an extremely useful and
purportedly universal voluntary approach to assist companies with developing and
deploying Al technology. NIST also provided a helpful playbook [27] to assist in
approaching AI-RMF compliance. The FTC has not taken the formal approach as has NIST
(though several blog posts under their umbrella are geared towards spotlighting the misuse
of Al and how such misuse may result in an FTC enforcement undertaking via, for
example, [28] and [29]). The FDA, too, has circled Al as an area in need of action. In their
2022 Clinical Decision Support Software Guidance [30], they provided the parameters of
a decision-making device in order for such decision-making device to be spared the need

for FDA oversight.

The European Union (EU) has been at the forefront of legal and regulatory developments
in Al In early 2021, the European Commission proposed a landmark Al legislation — the

EU Artificial Intelligence Act — the first-ever horizontal European Al legal framework. It
6



provides a ‘forward-looking’ definition of Al and a risk-based taxonomy of high-risk Al
systems [31]. Such high-risk Al systems will be subject to horizontal requirements and
conformity assessments before their inclusion in the EU market [31]. The act also proposes

creating and maintaining an EU database for monitoring high-risk systems [31].

It is important to note that while explicit legal and regulatory frameworks regarding Al are
limited, several countries have announced directives and strategies that aim to highlight
ethical considerations, provide definitions, and guide the use of Al in national-level
commerce, including Australia, Germany, Singapore, Japan, the United Kingdom, and
others [32]. Additionally, multinational agreements such as the Global Partnership on
Artificial Intelligence (GPAI) aim to support responsible Al research and practices [34].
Other suggestions, like algorithm auditing, have been proposed as effective risk

management tools for Al systems [35].

2.3 DEVELOPMENT TOOLS AND FRAMEWORKS FOR AI IN NUCLEAR
APPLICATIONS

To date, industry sees no clear regulation of the occupational space, particularly in
countries with investments in nuclear energy. In Canada, the Canadian Nuclear Safety
Commission (CNSC) reports that they recognise the difference between technology
development and policy and will continue to consider ways in which it can evolve its
regulatory approach to ensure it is ready to meet industry evolution with appropriate
regulatory frameworks [36]. In the US, the Nuclear Regulatory Council (NRC) has recently
published an artificial intelligence strategic plan for fiscal years 2023 to 2027. The plan
outlines five explicit goals [37]:

e Ensure NRC readiness for regulatory decision-making

e Establish an organizational framework to review Al applications

e Strengthen and expand Al partnerships

e Cultivate an Al-proficient workforce

e Pursue use cases to build an Al foundation across the NRC



Beyond these comments and strategic plans, neither the CNSC nor the NRC has suggested
or enacted industry-specific Al regulations. An extensive collection of software
frameworks and APIs, development environments, and parallel computing platforms is
available for Al developers to facilitate and simplify the process of implementing otherwise
complicated components to an Al model. Frameworks are like a large piece of pre-built
and maintained software infrastructure necessary for dealing with the technicalities of the
backend behind the scenes, offering out-of-the-box, ready-made functions and methods to
perform complex and cumbersome tasks. For example, TensorFlow provides a ready-made
widely popular stochastic gradient descent method, which is only one line of code away in

TensorFlow.

In addition to these frameworks, developers such as Google, Microsoft, and others have
developed standalone development environments, further abstracting away items such as
package and dependency management, environment management, and sometimes
providing access to virtual machines for hardware acceleration. For those with access to
physical hardware, such as GPUs and GPU clusters, another domain of Al-based tooling
has emerged in the form of GPU-based programming, such as Nvidia’s CUDA toolkit,
which allows for parallelized computing, yielding significant gains in terms of model
training and optimization speeds. See Table 2-1 for a comparison of popular development

tools.



Table 2-1: Development Tools

# | Tool Type Year of Reference
Release
1 | TensorFlow Framework 2015 [38]
2 | Keras Framework/High-Level API 2015 [39]
3 | PyTorch Framework 2016 [40]
4 | Caffe Framework 2017 [41]
5 | Scikit-Learn Framework 2007 [42]
6 | Apache MXNet Framework 2015 [43]
7 | Theano Framework 2007 [44]
s con | ||
9 | Jupyter Notebook Development Environment 2015 [46]
10 | Nvidia CUDA Parallel Compute Platform 2007 [47]
11 | OpenCL Parallel Compute Platform 2009 [48]

Such tools must be validated against norms to use in safety-critical environments. In an
earlier study, Dahaweer et al (2023) discussed Al system certification according to CSA
N290.14-15 standard [49]. This work pointed to certain limitations of conventional
software qualification approaches towards Al, in particular how to tailor such standards to
the complexity and opaque nature of Al decision-making. It also underlines the importance
of a regulatory regime that can evolve to meet the special requirements of Al software in

nuclear contexts.




CHAPTER 3 CANADIAN SOFTWARE QUALIFICATION STANDARD

There are good reasons for referencing the CSA N290.14-15, as a point of reference, as it
lends an authentic historical framework of definition and authority in the Canadian nuclear
sphere, and as it provides a robust guide for the qualification of software with practical
perhaps counterintuitive guides to defect analysis. The CSA N290.14-15 is a Canadian
Standard Association (CSA) document first issued in March 2008, which details regulatory
guidance for deployment of safety-critical software in a nuclear power plant system. It is
an elaborate and explicit framework for ensuring sound design, security assurance and
safety of nuclear-grade software systems, ensuring ‘that when the software system is in use
or operated within its approved testing, maintenance and operational environment, no

deleterious effects on safety will result from its use’.

The CSA N290.14-15 standard specifies the requirements and procedures that need to be
met for the software to be developed, operated and regulated at the highest software safety
level. It is therefore important that developers, operators and regulators comply with these
requirements because it may be linked with accidents or incidents and can further result in
environmental damage and loss of human lives since nuclear power plants are considered

huge complex systems with catastrophic consequences in case of a failure in software.

Here in this chapter, we zoom in on the details of CSA N290.14-15 itself: its principles
and processes. The scope and grounds of the standard are crucial because that is the starting
point of the primary attitude from which any future extensions or adaptions to Al software
should proceed. As outlined in section 2, there are currently no specific regulatory
frameworks for Al technologies, and CSA N290.14-15 provides foundational elements that

can be expanded to develop guidelines for Al applications in nuclear settings.

3.1 SOFTWARE QUALIFICATION LIFECYCLE

The software qualification lifecycle highlighted here is a direct adaptation of the CSA
N290.14-15 standard for software qualification in nuclear power plants. The standard
identifies these stages in the cycle and provides guidance as to how organisations can utilise
the entire work flow to identify, categorise, assess, be safely deployed in a rigorous safety

10



arena, such as a nuclear power plant. As a result, a systematic method of software lifecycle
can be all digital artifacts can be deployed with a high-level of safety, decreasing the chance

of mission failure.

The software qualification process is important to be familiar with because it defines the
basic lifecycle prescribing software qualification in the nuclear sector, which in turn would
serve as a baseline for any future adaptations and additions to qualifying Al-based
software, as will be discussed in this thesis. Figure 3-1 summarizes the qualification

lifecycle for candidate products.

Identify Product and
Functionalities

Software Qualification Repor Safety Category Assignment

Software
Qualification
Lifecycle

Qualification Method Concerns Assessment

Failure Mode Analysis

Figure 3-1: Software Qualification Lifecycle

The lifecycle is explained as follows:

e Identify Product and Functionalities
o Identify candidate product boundaries, functions, and system interfaces —

determines what the software does and how it interacts with other systems.
11



Safety Category Assignment:

o A safety category is a classification that informs the potential impact of the
software on safety in events of failure. This phase involves assigning a
safety category to the software component. Based on the assigned safety
category, the applicable method of qualification is selected.

Concerns Assessment:

o Assess the concerns outlined in Annex A of the CSA standard — identifies

issues and risks associated with the software component.
Failure Mode Analysis:

o This phase identifies the failure modes of the software component. The
assigned safety category determines the depth of analysis required to
analyze the failure mode.

Qualification Method:

o Qualify each identified digital item of the software using the methods listed

by the standard
Software Qualification Report:
o Document the results (qualification evidence) and the methods applied to

obtain the evidence in a report.

3.2 SOFTWARE QUALIFICATION METHODS

The selection of an appropriate qualification method is an important step of the software

qualification lifecycle, and it’s directly linked with the overall software process of safety

and reliability. Selecting a qualification method is an important part of the lifecycle itself

and it is part of this step that the lifecycle occurs at a point in which the software’s safety

category and risk level have been analyzed to be used in determining the most appropriate

qualification method for that software. The nature of the software, its complexity, the type

and complexity of the system, available resources will determine which qualification

method is selected (see Figure 3-2 below). Once the qualification method is selected, an

appropriate set of actions will be determined for gathering the required evidence to support

the compliance with CSA N290.14-15.
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Mature Product Calcuation Proof Through Testing

Software providen to be reliable S tes_tin_g_ Ll

through operating history ey
0O O ) )
A4 A4 A A4

Recognized Program Method m Preponderance of Method 4

9 9 Evidence
Providing evidence software is developed Evidence from multiple
to a recognizable standard resources

Figure 3-2: Software Qualification Methods

3.2.1 RECOGNIZED PROGRAM METHOD

This method is applicable if there is evidence that the off-the-shelf software was developed
under a rigorous, recognizable standard. A list of standards can be found in CSA N290.14-

15 section 6.4.1.2.1.

3.2.2 MATURE PRODUCT CALCULATION

The mature product method relies on calculating unit years of operating history and

software complexity.

The detail for the calculation is described in Equation 3.1 and Equation 3.2:

sales years = 3.1
(cumulative total sales of the version,up to three months from the present) X

(number of years the candidate product is on the market) /2

Unit Years = Sales Years X percentage of units in operation (3.2)
X Duty Cycle of Products in Operation

X Percentage of Units Used in a Similar Application

13



Where:
. Cumulative total sales of the version represents the summing the sales of a
particular product version up to three months from the current date.
. Number of years the candidate product is on the market: The time span since
the product was first available.
This calculation is used to calculate the number of years of operating history the

product has accumulated.

3.2.3 PREPONDERANCE OF EVIDENCE

This approach involves gathering evidence from various sources that collectively supports
a decision regarding qualification. The collected evidence can include proven-in-use
arguments, partial compliance with industry standards, or evidence from previous

qualifications.

3.2.4 PROOF THROUGH TESTING

This approach is suitable when the product's complexity is assessed low. The software
should be tested with a configuration that closely mirrors its final installed setup. The
software test must meet the required amount of test executions or test hours as specified in

the standard.

The CSA standard outlines the applicable methods of qualification with respect to the
assigned safety category. A safety category would require to be assigned that is in

accordance with a standard such as COG-95-264-1 [50].

3.3 COMPLEXITY ASSESSMENT

The qualification methods are applied based on the design complexity level of the software
component. The design complexity level can be calculated by Interface Complexity Index
(ICI), a measure that gauges the influence of its internal and external interfaces in terms of
their number and intricacy. Table 3-1 provides a list of interfaces suggested by the standard

used to determine the complexity level.
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Table 3-1: Complexity Assessment Interface

# Interface Type Complexity
Value
1 Serial or Parallel Port 1
2 Hard-Wired I/O Signal Interface 1
3 Industry Standard LAN Communication Interface 3
4 Proprietary Communication Interface 7
5 Standard Keyboard Interface 1
6 Test Display Interface 2
7 Advanced Graphics Display Interface 10
8 Inter-Process Communication 5
9 Shared Memory Data Interchange 3

Once the Interface Complexity Index is determined, factors such as lines of code, external
interfaces, and internal software modules are assessed to assign a complexity level

appropriate for the candidate product as outlined in Table 3-2.
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Table 3-2: Complexity Levels

Complexity Categories
Complexity Interface
Level Lines of Code Internal Modules Complexity

Index
Low <1,000 <20 <5
Medium 1,000 — 9,999 20-199 5-9
High 10,000 — 99,999 200 - 1,999 10 -29
Very High >100,000 >2,000 >30

In case the lines of code and internal modules are not available for assessment, a higher
complexity level is assumed to ensure a component is being qualified to an appropriate

complexity level.

3.4 QUALIFICATION OF CONVENTIONAL SOFTWARE

Qualifying COTS software helps ensure the safety, reliability and performance
requirements are met. Two methods have been selected to demonstrate the qualification
lifecycle. The mature product calculation with recognised programme methods are the
sections that demonstrate the qualification lifecycle. Qualification from sales data involves
making an assessment on large market use to demonstrate that the software is proven and
approved for use in the given application. Whereas qualification with certification
approach ensures that the software conforms to industry standards and regulatory

requirements.

3.4.1 QUALIFICATION WITH SALES DATA

To showcase the qualification process of a component by using sales data, the Mitsubishi
MELSEC iQ-R and L CPU with firmware version 23 has been selected as a digital

hardware component with internal firmware that would require to be qualified.
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Mitsubishi MELSEC iQ-R/L Series PLCs can be utilized in nuclear power plants by
enhancing operational control and safety. Features such as monitoring vital safety
parameters and real-time data logging from multiple sensors, the Mitsubishi MELSEC iQ-
R/L Series PLC can manage reactor control systems. They automate auxiliary system
operations, optimize turbine and generator functions, and integrate easily with current
control systems. Nuclear power plant operations require strict safety and efficiency criteria,
which their reliability, scalability, and superior security features make them perfect for

meeting.

A software categorization would require to be completed that would assess the utilization
of the component in the nuclear power plant. Based on the input provided in the report, a
severity assessment would be completed that would assign a category level for the

component.

The interface aspects provided in Table 3-3 will be used as a reference to assess the
complexity of the qualifying component. Each interface will be listed as applicable to the

component and a complexity score will be assigned.

Table 3-3: Mitsubishi MELSEC iQ-R/L Complexity Assessment

Complexity Description Score

Serial / Parallel Port RS-232 and RS-422/485 ports for serial | 2
communication, allowing integration with
various devices and legacy systems

Hard-Wired I/O Signal Supports  extensive  hard-wired 1/O | 2

Interface capabilities, essential for direct control
and monitoring of plant equipment

Industry Standard LAN Supports ~ Ethernet  protocols  for | 3

Communication Interface communication and integration

Proprietary Communication | None 0

Interface

Standard Keyboard None 0

Interface

Text Display Interface None 0

Advanced Graphics Display | None 0

Interface

Inter-Process Facilitates inter-process communication | 5

Communication through network interfaces
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Shared Memory Data None 0
Interchange
Others Includes a USB port 1

From adding the score of each interface, the interface complexity index is at 13 suggests

the complexity is High. However, since the lines of code and internal modules are not

known, a conservative assumption will be taken into consideration and assess the

component with Very High complexity.

The CSA N290.14 standard requires the user to address qualification concerns and failure

modes that allow the component to be assessed within its application as shown in Table

3-4.

Table 3-4: Mitsubishi MELSEC iQ-R/L Qualification Concerns

Qualification Concern

Description

Silent or Undetected Failures

The CPU has diagnostic functions to report errors that
eliminate the risk of silent or undetected failures.

Flooding, Determinism and
Performance

The CPU is designed for high performance and
contains a protection mechanism to avoid flooding.

Common Mode

The CPU is robust in design to mitigate common
mode failures, ensuring reliable operation in various
conditions.

Security

Encryption and access control features are present to
protect against unauthorized access and cyber threats
or unauthorized access for personnel.

Power Interruption or Restart

The CPU has a non-volatile memory to retain
important data and settings.

Time-dependent Behavior

The CPU does not use a time-of-day clock to perform
its functions.

Modal Behavior

The CPU has multiple modes based on whether
“Run/Stop Input” and “Run/Stop only by Input
modes” are selected.

Shared Resources

The CPU is a self-contained device. It does not rely on
resources from any other device to perform its
functions.

Upgrades

If upgrades are required, the qualification of the
upgrades is the responsibility of the end user.

Maintainability Issues

It is expected no changes to the configuration will be
made to the CPU once it is placed in service.
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Extra Functionality

The CPU has no extra functionality.

Communications

Communication would occur between the CPU and
other devices in the control system. A set of
recommendations for security measures to be
implemented would be sufficient to address this
concern.

User Interface

The user interface of the Processor Module consists
solely of status LEDs.

To find the unit years for a product, the number of units sold needs to be determined. For

this case study, the Mitsubishi Electric annual sales report will be used to determine an

average of how many units of the CPU are sold per year [54].

Mitsubishi Electric has generated approximately 5.2 trillion yen (30.9 billion USD) for the

fiscal year 2023. Assuming a conservative percentage of 0.01% of these sales are from the

CPU modules.

Revenue Allocation = ¥5.2 trillion X 0.0001 = ¥520 million (3.3)

The average unit price for a CPU module is approximately ¥200,000 (around $1,500

USD).

The estimated number of units sold annually:

Units Sold = ¥520,000,000/¥200,000 = 2,600 Units/year 3.4)

The following parameters are listed:

. To Date: August 22, 2024

. From Date — November 19, 2020
. Estimated Total Sales: 9,750 units
. Relevance: 60%

19




. Duty Cycle of Products in Operation: 80%
. Percentage of Units Used in a Similar Application: 80%

The parameters specified result in a result of 7,020 unit-years.

Based on the unit years calculation results, a value of 7,020 unit-years is sufficient to

qualify the CPU for software category 2 or category 3 with Very High Complexity.

3.4.2 QUALIFICATION WITH PRODUCT CERTIFICATION

To ensure precise and dependable temperature monitoring in critical areas such as a reactor
core, primary and secondary cooling loops, or steam generators, the Yokogawa YTA610
Temperature Transmitter can be a product to be utilized. Precise temperature data is
essential for maintaining reactor safety, preventing overheating, and efficiently transferring
heat throughout the facility. High precision and advanced diagnostics allow the prompt
identification of temperature variations that may be indicators of potential dangers, the
transmitter is the ideal choice for integration with safety systems. The integration of the
YTAG10 into the plant's safety instrumented systems can enhance the overall safety and
reliability of nuclear operations by providing essential data for automated emergency

shutdown protocols and additional safety measures.

A software categorization would require to be completed that would assess the utilization
of the component in the nuclear power plant. Based on the input provided in the report, a
severity assessment would be completed that would assign a category level for the

component.

The interface aspects provided in Table 3-5 will be used as a reference to assess the
complexity of the qualifying component. Each interface will be listed as applicable to the

component and a complexity score will be assigned to each one:
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Table 3-5: YTA610 Temperature Transmitter Complexity Assessment

Complexity Description Score

Serial / Parallel Port Supports HART communication 1
Hard-Wired I/0O Signal 5 analog inputs and a hard-wired analog 6
Interface signal output (4-20 mA) for integration

with control systems
Industry Standard LAN None 0
Communication Interface
Proprietary None 0
Communication Interface
Standard Keyboard None 0
Interface
Text Display Interface Integral indicator display
Advanced Graphics None 0
Display Interface
Inter-Process Supports communication between 5
Communication devices over a shared network using

protocols like HART and Foundation

Fieldbus
Shared Memory Data None 0
Interchange
Others None 0

From adding the score of each interface, the interface complexity index is at 12 suggests
the complexity is High. However, since the lines of code and internal modules are not

known, a conservative assumption will be taken into consideration and assess the

component with Very High complexity.

The CSA N290.14 standard requires the user to address qualification concerns and failure

modes that allow the component to be assessed within its application as shown in Table

3-6.
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Table 3-6: YTA610 Temperature Transmitter Qualification Concerns

Qualification Concern

Description

Silent or Undetected Failure

Self-diagnostics and error-checking capabilities to
detect faults and alert operators

Flooding, Determinism, and
Performance

Provides deterministic, high-accuracy temperature
readings, even in challenging conditions

Common Mode

Built with high-quality materials and redundancy
features to mitigate common mode failures

Security

Supports secure communication protocols like
HART, Foundation Fieldbus, and PROFIBUS

Power Interruption or Restart

Non-volatile memory to retain important data and
settings

Time-dependent Behaviour

Does not use a time-of-day clock to perform its
functions

Modal Behaviour

Operates in various modes and conditions, adapting
to changes in process dynamics

Shared Resources

Efficiently uses shared communication channels and
power resources

Upgrades

Supports firmware upgrades

Maintainability Issues

Designed with modularity and accessibility for easy
maintenance, calibration, and replacement

Extra Functionality

Offers redundant output options and supports
multiple communication protocols

Communications

Supports industry-standard communication protocols
(HART)

User Interface

Provides straightforward configuration through
handheld devices or control system interfaces

The Yokogawa YTA610 temperature transmitter is designed and certified to
IEC61508:2010 Parts 1 through 7 and IEC61511:2004 Parts 1 through 3. It is approved for

single transmitter use in SIL 2 safety applications and dual transmitter use in SIL 3 safety

applications.

Based on the safety categories provided in the CSA standard, the Yokogawa YTA610

temperature transmitter can be qualified for categories 1, 2 or 3 with Very High level

complexity.
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CHAPTER 4 FRAMEWORK FOR QUALIFYING Al

Statistical learning theory is the basis for the whole subfield of Al called machine learning
— the process by which systems are endowed with the capability to learn on their own; to
‘discover’ on their own, and to ‘improve’ or ‘refine’ their answers as they accumulate
experience. To do this, they make explicit the patterns underlying a particular world they
are trying to model or recapitulate from the raw information they receive. Note that
statistical learning theory must ground such systems with an ‘algorithm’ to ‘learn” when
they ‘receive’ certain ‘raw information’, in order to ‘discover’ and ‘improve with

experience’.

It describes the process of training models to imitate target data, characterized as y =
f(x), where y is our output, or dependent target variable(s), and x is our input, or the
independent feature variables of the model to provide a framework for learning how to

make inferences.

When using statistical learning in machine learning, datasets made up of samples (N
samples) must be worked with. These samples are drawn from a population distribution,
and the dataset is represented as D (X, y), where X is a matrix of input characteristics, and
y is a vector of output target variables. The goal is to learn a function f(x; q) from the
dataset that can predict the output y from the input x. The predictive relationship is stated
in terms of function f (x; q) where q is the vector of parameters defining the model. . It can
quantify the loss or error between the predicted outputs of the model and the actual target
values in the dataset with the Cost Function c(y, f(X;q)). The objective of machine
learning is to minimise the cost function to find optimal values for the parameters (g) to
make accurate predictions. The dataset specifies the context within which the model is
learned. The quality and characteristics of the dataset directly impacts the ability of the
model to learn accurately. Because all the model learns from is what the dataset contains,
there are potential pitfalls when this data is biased or limited. It can lead to the model

learning mistakes, which will be identified when it is tested on new, unseen data.
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In following sections three specific methodologies are proposed to assess that would assist
in building a qualification framework for Al software, as summarized below.

e Model Interpretability Analysis — Ensuring explainability of Al decision-making to
allow stakeholders to be able to trust the process and hold those involved
accountable.

e Feature Importance Analysis — Which variables are the most relevant to predicting
the model’s output. That is, which inputs are most important to making Al behave
as it does.

e Data Diversity Analysis — Ensuring a diverse and representative range of data is
used in training, reducing biases and improving generalizability across various
scenarios.

These three methodologies were chosen not only because they are central aspects of
assessing Al model performance, relating directly to safety, reliability and regulatory
compliance; they were also chosen because these parameters can be tested experimentally,

and their measurements have been conducted at the nuclear power plant.

4.1 DETAILED OVERVIEW OF THE NUCLEAR POWER PLANT ACCIDENT
SIMULATION DATASET

To demonstrate the importance of these proposed analysis methodologies, this thesis
utilizes the Nuclear Power Plant Accident Data (NPPAD) dataset, created using PCTRAN
simulations. The dataset includes various operational states and accident scenarios within

a nuclear power plant environment.

The NPPAD data reflects the variation across a broad spectrum — in terms of both the type
and the severity — of realistic accident scenarios. Rooted in detailed simulations of full-
scale reactor models, the data includes subsets for so-called normal operational conditions
(NORM), Steam Generator Tube Ruptures (SGATR and SGBTR), Rod Movements (RW
and RI), as well as with specific incidents such as Loss of Coolant Accidents (LOCA) in
both the hot and the cold legs of the reactor. Each of these NPPAD subsets features a
severity index that ultimately allows machine learning models to distinguish between

varying operational data and different levels of accident conditions.
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Figure 4-1: PCTRAN Main Control

Figure 4-1 shows the diagram of a simplified model that partially represents a nuclear
power plant and its current operational values. The simplified model provides idea on how
a nuclear power plant works and how to deal with different accident situations. Table 4-1

provides details on some of the operational features:
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Table 4-1: Simulator Features

Feature

Description

Steam Generators

(SG)

Steam generators that are labeled 'A' and 'B' and show

parameters

Pressurizer

Displays the pressure levels, level setpoints, and whether the

heaters are active.

Reactor Core

Indicators for rod position, reactivity, power, and other critical

parameters

Turbine

Measure the power demand, speed, and generator load.

Reactor Coolant

Pumps (RCP)

Shows the flow of coolant to and from the reactor core and

steam generators.

Containment

Displays the status of the containment building

Control Rods,

Reactivity, and Power

Supply

Displays the control rod positions, the demand for reactivity
changes, and the power supply status, including emergency

generators (EG Bus A and B) and offsite AC power status.

Accident Simulation

Controls

Interface for controlling the simulation, including initiating

accident scenarios

Auxiliary Systems

Various pumps, valves, and accumulators are shown around

the schematic.

The NPPAD dataset also collects a lot of other information about the dynamic behaviour

of the reactor core and its surrounding systems. The principal measured variables are

temperatures (TAVG, THA, THB), coolant flow rates (WRCA, WRCB), pressures (PSGA,

PSGB), and reactor kinetics parameters (TRB, DNBR), as well as the concentrations of
fission products and other radioactive species (1131, 1132, KR85, XE133, PU239), which

play an important role in diagnosing the state of the reactor during an accident and have

been used for studying the behaviour of radioactive releases and their dispersion in the

environment for various accident scenarios.
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By embedding detailed operating parameters and radionuclide concentrations in these
data, this approach would allow for a more discrete level of dissection of nuclear plant
behaviours under given conditions, and ultimately enable machine learning models to

evaluate and predict accident scenarios with far greater fidelity.

This simulated dataset was generated by running the NNPAD for 5 hours under normal
operating conditions, which has 290 records, and 53 features. The dataset will be used to
test the three methodologies of this paper: model interpretability, feature importance, and
data diversity. With this dataset applied to each primary criteria, this research will measure
the efficacy of training machine learning models to understand and predict nuclear plant

behaviors to showcase reliability and outline a potential framework for qualifying them.

4.2 KEY ELEMENTS FOR QUALIFYING AI SOFTWARE IN NUCLEAR
APPLICATIONS

The related qualities; interpretability of the model; feature importance and explainability;
and first-principles data diversity; are relevant to qualifying Al software because they
confirm that it is, for nuclear applications, interpretable, understandable, meets safety-
critical requirements, and is inherently defensible in safety-critical environments, though
especially so in nuclear ones where a machine’s ‘performance’ must be in line with tacit
or user-specified norms. In the nuclear industry, safety needs to be assured as there is no
room for nuclear meltdown and catastrophe; meaning, crucially, that the relevant software
must be ‘safe’, that is, it needs implement (relatively) robust and understandable checks

that deal with diverse data.

Model interpretability is relevant in nuclear settings because nuclear applications require
human operators, engineers and regulators to fully understand and trust the Al modelling
backing its decisions. As Doshi-Velez and Kim point out, Al-based decisions in safety-
critical settings such a nuclear power plants need to be both interpretable and transparent
[55]. Interpretability of Al-based decision-logic, they argue, is essential so that the model’s
decisions can be audited by human stakeholders to ensure that they comply with regulatory
standards and safety protocols. If human stakeholders cannot understand how an Al was

trained, it is nearly impossible to identify and mitigate errors or bias that could jeopardise
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safety or reliability in nuclear settings. Errors or biases that could compromise safety and

reliability in nuclear settings.

Feature importance enables the operator to understand which input features most heavily
influence the output of the model. As Guyon and Elisseeff write: ‘Identification of the most
important features is useful when simplifying models and avoiding overfitting, while
improving the predictive accuracy [56]. In a nuclear context, where safety is crucial, it is
essential to understand which features — whether temperature, pressure or radiation, etc —
influence the Al model’s predictions. These understandings could help operators spot
where the system might become unstable, in terms of its internal dynamics, and therefore
increase the chances of it causing disastrous malfunctions. Understanding feature
importance can enable the operator to use the Al system only if it is relying on information
that is subjectively considered as accurate, relevant, and important. The caveat of applying
black-box machine learning to critical infrastructure is that we don’t know if the algorithm
is using the most important features in making its decisions. By forcing the operator’s focus
to the most important features, we can be confident the system is making the best possible
decisions and potentially limit the number of parameters needed to decide whether action

should be taken.

Data diversity of data is crucial here to ensure generalisation in nuclear-Al models across
a wide range of operational and accidental scenarios, training data must be sufficiently
diverse and representative if we are to avoid undue biases and unexpected consequences to
the Al models generating them [57]. In the nuclear domain, where conditions can fluctuate
from very normal to highly stressed — from everyday operational conditions to the high-
consequence phases of severe accidents — diverse training data can ensure that Al models
developed for these contexts behave properly across a wide range of situations. This is
essential if we are to ensure that models don’t turn a blind eye to conditions beyond those
in their training data, which can happen if we fail to account for the diversity of
environmental conditions that nuclear Al models might encounter. The danger of this is

especially acute in high-risk environments that nuclear power plants represent.
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These methodologies, 4.2.1 Model Interpretability, 4.2.2 Feature Importance and 4.2.3
Data Diversity, are some of the major considerations that could very well define
qualification criteria for Al software, especially in the nuclear space. By focusing on these
three methodologies, this study suggests a framework for qualifying Al software as safe
and reliable for its use in safety-critical domains, such as, for example, nuclear power

plants.

4.2.1 MODEL INTERPRETABILITY

There are two types of machine learning models - interpretable and uninterpretable.
Interpretable models provide a visible path through which human users can track the
changes to the inputs and the changes in outputs and learn from the internal logic being
processed. This logical transparency allows us to see the path of the reasoning as it happens.
For this reason, interpretable models are good at what is known as ‘explaining itself’, or in
other words, why it made a particular prediction. Uninterpretable models, known as ‘black
box’ models, will not provide users with the kind of transparency needed to gauge how
their internal logic is being applied internally to arrive at their predictions. As Rudin has
shown, the type of ‘black box’ non-interpretability can create enormous problems in safety-
critical domains, where interpretation of model-based reasoning is essential to ensure trust,

accountability and regulatory compliance [58].

4.2.1.1 INTERPRETABLE MODELS

Especially where safety is at issue, interpretable models are necessary to be able to
understand and appreciate what is going on in-making. This section provides some
examples of interpretable models to illustrate how interpretable models can make it more
transparent and accessible to understand how and why they make their predictions. The
examples provided are decision trees and simple linear regression — these are given to
illustrate the kinds of (more) interpretable models that might be used to make sure that Al
software is appropriate for use in nuclear applications where interpretability is very

important.
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Simple Linear Regression explains the linear correlation between independent and
dependent variables. The equation y = 8x + [ shows the relationship between input x and
output y, where 6 is the gradient and S is the y-intercept. Its simplicity makes it easy to
interpret how input variables affect output. Due to its straightforward nature, simple linear

regression is an intelligible method for interpreting how input variables impact output [59].

Decision Trees represents the complex series of decisions into a logical structure of binary
choices, which results into an interpretable model, where the path to an output prediction
from an input feature is divide into a tree-shaped structure of if-then-else condition, also
known as branches and leaves. This approach is useful in domains where human
explainability and traceability of the decisions remains critical, where the complexity of
decisions can be simplified into intuitive components through subsequential pairwise

binary choices [60].

Two of the interpretable models — simple linear regression and decision trees— were
described in this dissertation to illustrate the techniques that were finally enacted in order
to increase the transparency and accountability needed for implementing the Al system in

a safety-critical domain, such as in nuclear power plants.

4.2.1.2 UNINTERPRETABLE MODELS

So-called ‘black box’ models, otherwise known as uninterpretable models, are simply
models whose decision-making mechanisms are difficult for humans to understand. Their
relative strengths in processing complex patterns on large datasets make them powerful
tools — but their very capacity for successfully doing so can make the how and why of their
activity not readily interpretable, and therefore difficult to understand. This section
illustrates uninterpretable models by means of examples. Random Forests and Dense
Neural Networks (DNNs) are but some of the many uninterpretable models available

today.’

Random Forest is an ensemble learning method that enhances the decision tree model by

reducing overfitting through averaging the predictions of multiple decision trees. The

overall prediction is given by the equation y = %Z?Ll yi where N is the number of trees
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and yi is the prediction of each tree. While this method increases prediction accuracy, it
also reduces the interpretability of the model since it combines the outputs of numerous
decision trees, making it challenging to trace the reasoning behind a specific prediction

[61].

Dense Neural Networks (DNNs) are a type of artificial neural network that can recognize
complex patterns by using multiple layers of interconnected neurons. They are widely used
in deep learning tasks, such as voice and image recognition, due to their ability to learn
from large amounts of data. The operation of a DNN is defined by the equation y =
f(W2.g(W1.x + bl) + b2), where x is the input vector, W1 and W2 are weight matrices,
b1 and b2 are biases, g and f are the hidden and output layer activation functions, allowing
the network to learn non-linear relationships. This complex structure allows the network to
learn non-linear relationships between inputs and outputs. However, the intricate
architecture and numerous parameters make DNNs inherently uninterpretable, which can
be problematic in environments where understanding the model's decision process is

essential [62].

These examples of uninterpretable models—Random Forest and Dense Neural
Networks—highlight the trade-offs between model complexity and interpretability. While
these models are effective for handling complex and high-dimensional data, their lack of
transparency can be a significant drawback in nuclear applications where explainability

and accountability are required.

4.2.1.3 MODEL INTERPRETABILITY CASE STUDY

In this case study, the 1132 (Iodine-132) feature is chosen as the dependent variable
(response) because it is a radioactive decaying compound with half-life and a high fission
yield, it can indicate the recent activity of fission reactions. lodine-132 is iodine radioactive
isotope produced as a primary fission product in nuclear reactors. The presence and
concentration levels of 1132 gives us important clues to fingerprints of reactor conditions
and recent fission activities. It is very important, critical for monitoring of 1132 levels in
nuclear facilities mainly because it can provide a clear picture of operational status of the
reactor, if it shows abnormal unexpected high levels of iodine concentration, it will alarm
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the operators about the possible fission damage fuel or some leaks, etc. So, time frame is
chosen as the independent variable (or Predictor), as we want to focus and answer other
important question, what happens in time to that I132 very important question, as a nuclear
reactor should produce a high amount of electricity and the fuel rods must thermal transfer
that reaction to the cold water to cool down the system, and to be used again and again.
Monitoring and answering the time to that 1132, can provide operational benefits for
determining profitability, while on the other side it is very important for public health and

safety.

The Key Metrics Used in the Analysis are the following:

e Mean Square Error (MSE): Measures the average of the squares of the errors—that
is, the average squared difference between the estimated values (predictions) and
the actual values. A lower MSE indicates a better fit of the model to the data, as it
suggests fewer large errors in predictions.

1w 4.1)
MSE = ;Z(Yi Y
i=1

where Yi represents the actual values, (yi)" represents the predicted values and n
is the number of observations

e Mean Absolute Error (MAE): represents the average of the absolute differences
between predicted and actual values. It provides a straightforward measure of
model accuracy, with a lower value indicating more accurate predictions on
average.

iz |yi — 7 (4.2)
n

MAE =

where yi represents the actual values, (yi)" represents the predicted values and n
is the number of observations
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e R-Squared (R?): R-squared, also known as the coefficient of determination,
measures the proportion of variance in the dependent variable that is predictable
from the independent variable(s). An R-squared value closer to 1 indicates that a
large proportion of variance in the dependent variable is explained by the model,
suggesting a good fit.

= (i —yv° (4.3)

R?=1- —
(i —y)?

where yi represents the actual values, (yi®) represents the predicted values, (yi)

is the mean of actual values, and n is the number of observations

These three key metrics (MSE, MAE, and R-squared) to analyze the results because they
provide a comprehensive evaluation of model performance: MSE and MAE quantify the
accuracy of the model's predictions, while R-squared indicates how well the model
explains the variability in the data. Together, these metrics help assess the interpretability

and reliability of the models used.

Simple Linear Regression Method:

To assess the relationship between time and the concentration of lodine-lets, a Simple
Linear Regression model was employed. The results, summarized in Table 4-2, show the

effectiveness of the model in predicting the concentration levels of lodine-132 over time.
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Table 4-2: Simple Linear Regression Method Results

Results Value Description

Mean 0.00091 On average, the model's predictions are about

Absolute 0.00091 units away from the actual values

Error (MAE)

Mean Square | 1.195x107 Suggests that while the model is generally close to

Error (MSE) the target values, it may have a few predictions with
larger errors.

R-Squared 0.9902 Approximately 99.02% indicating a strong fit to the
data.

The results indicate a very high percentage of variance explained in the dependent variable,

suggesting that the regression model's predictions fit the data exceptionally well.
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Figure 4-2: Variable Linear Correlation

Figure 4-2 indicates there is a positive linear correlation between time and the
concentration of Iodine-132, as evidenced by the rising levels over time. The fitting
regression line closely traces the actual data points, which reflects the model's strong
alignment with the data, corroborated by the substantial R-squared value you previously
noted. Furthermore, the absence of perceptible trends in the residual plot implies that the

linear model is suitable for these data as shown in Figure 4-3.
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Figure 4-3: Linear Regression Residual Plot

The model's predictions clearly demonstrate the influence of the independent variables on

the dependent variables, making the relationship easier to understand.
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Decision Tree Method:

Decision Tree model was applied to analyze the relationship between time and the

concentration of lodine-132. Decision Trees are useful for capturing non-linear

relationships and providing a visual interpretation of decision rules. The results of the

Decision Tree model, shown in Table 4-3, provide insight into the model's performance in

predicting Idone-132 concentrations.

Table 4-3: Decision Tree Method Results

Results Value Description

Mean 0.00365 On average, the model's predictions are about

Absolute 0.00365 units away from the actual values

Error (MAE)

Mean Square | 1.779x107° Suggests the model may be more prone to

Error (MSE) overfitting, resulting in some predictions with
relatively larger errors.

R-Squared 0.973 Approximately 97.3% indicated a strong fit to the
data.

As shown in Figure 4-4, a sub-branch with data is studied where the condition is "TIME

<=360.0". Based on this condition, the data is split into two groups: records with "TIME'

values less than or equal to 360.0 and values greater than 360.0.
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Figure 4-4: Decision Tree Branches

The starting point which considers all data. Here, the condition is "TIME <= 360.0". Based
on this condition, data is split into those records with "'TIME' values less than or equal to

360.0 and those with values greater.

Each node can lead to further nodes. For instance, if the time is less than or equal to 360.0,
the next decision is based on whether the "TIME' is less than or equal to 120.0, and so forth.
The last nodes ("squared_error = 0.0, samples = 1, value = 0.002") do not divide further
and offer the final forecast for samples that arrive at these nodes. As the endpoint of
decision routes, these nodes often contain no criteria. The visuals as shown in Figure 4-4
aid in the comprehension of the model's decision-making process and are highly helpful in
debugging, elucidating model choices, and seeing trends in the way input variables impact

predictions.

The Decision Tree model provides a clear and interpretable path of decision-making. This

transparency allows us to understand exactly how the model arrives at its predictions, The
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interpretability of Decision Trees ensures that the model's behavior can be fully traced and
audited, aligning with the goal of using interpretable models to enhance trust and

accountability in Al applications.

Random Forest Method:

To further explore the relationship between time and the concentration of lodine-132, a
Random Forest model was utilized. Random Forests are ensemble learning methods that
build multiple decision trees and aggregate their results to produce more accurate and
robust predictions. While Random Forests offer high accuracy and resistance to overfitting,
they are considered "black box" models due to their complexity, making their decision-
making process less interpretable compared to simpler models like individual Decision

Trees. The results of the Random Forest model are summarized in Table 4-4:

Table 4-4: Random Forest Model Results

Results Value Description

Mean 0.00019 On average, the model's predictions are about

Absolute 0.00019 units away from the actual values

Error (MAE)

Mean Square | 4.83x1077 Suggests that there are not many large errors in the

Error (MSE) predictions.

R-Squared 0.998 Approximately 99.8% indicating a strong fit to the
data.

However, despite its high accuracy, the Random Forest model lacks interpretability. Unlike
single Decision Trees, where the decision path is clear and understandable, Random
Forests aggregate multiple trees, which obscures the individual decision paths. This
complexity makes it difficult to understand precisely how the model arrives at specific
predictions, which is a significant drawback in safety-critical environments like nuclear

power, where understanding the reasoning behind each decision is crucial.
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Deep Neural Network Method:

A Deep Neural Network (DNN) model was also employed to analyze the relationship
between time and the concentration of lodine-132. DNNs are powerful tools for capturing
complex patterns in data due to their ability to learn non-linear relationships through
multiple layers of interconnected neurons. While the DNN model demonstrates strong
performance with a relatively low MSE of 0.0435 and a high R-squared value, its lack of
interpretability poses challenges in safety-critical environments. Unlike Decision Trees,
the DNN model does not provide a clear explanation of how it arrives at its predictions,

making it difficult to trace and understand the decision-making process.

Figure 4-5 illustrates the architecture of the Dense Neural Network, showing the multiple
layers and the connections between neurons. This complex structure allows the model to

capture intricate patterns in the data but also contributes to its "black box" nature.

This lack of transparency can be problematic in nuclear power applications, where
understanding the rationale behind each decision is crucial for maintaining safety and
compliance with regulatory standards. Thus, while DNNs offer high accuracy, their use in

safety-critical applications must be carefully considered due to their "black box" nature.
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The results of the Random Forest model are summarized in Table 4-2:

Table 4-2: Dense Neural Network Model Results

Results Value Description

Mean 0.0005 On average, the model's predictions are about 0.0005

Absolute units away from the actual values

Error (MAE)

Mean Square | 6.874x1077 Suggests that the neural network is very effective at

Error (MSE) capturing the relationship in the data, even for the
larger deviations

R-Squared 0.9965 Approximately 99.65% indicating a strong fit to the

data.
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dense_36 (Dense)

Input shape: (None, 1) | Output shape: (None, 128)

dense_37 (Dense)

Input shape: (None, 128) | Output shape: (None, 64)

dense_38 (Dense)

Input shape: (None, 64) Output shape: (None, 32)

dense_39 (Dense)

Input shape: (None, 32) Output shape: (None, 1)

Figure 4-5: Neural Network Layers

For better understanding of the Figure 4-5:

. The first or input layer(dense 36) receives input data. The form [(None, 1)]
indicates the model anticipates input data with any number of samples (None
denotes an unknown batch size) and one feature per sample.

. First Hidden Layer: This layer depicts a dense (completely linked) hidden layer
with 64 neurons (units). The input shape is (None, 1), same as the input layer,
and the output shape is (None, 64) 64 characteristics that is sent to the next
layer.

. Second Hidden Layer: The second dense layer (dense 38) has 64 neurons. It

takes the preceding layer's output as input and returns a 64-dimensional vector.
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. Output Layer: The final layer (dense 39) is the output layer of the network,
which has a single neuron. It outputs one value per input sample, typical for a

regression task where you predict a single continuous value.

Simple Linear Regression and Decision Trees provide excellent interpretability. Their

judgments are simple to explain and depict.

Random Forest and Dense Neural Networks, while higher in prediction performance,
compromise interpretability. Their complicated internal systems that lead to predictions are
difficult to grasp. This can be a disadvantage when the justification for predictions is as

essential as the accuracy, such as in applications that need trust and openness.

Table 4-3 compares four models—Simple Linear Regression, Decision Tree, Random
Forest, and Dense Neural Networks—based on their Mean Absolute Error (MAE), Mean
Squared Error (MSE), and R-squared (R?) values.

Table 4-3: Performance Metrics of Interpretable vs. Uninterpretable Models

Interpretable Models Uninterpretable Models
Simple Linear | Decision Tree Random Forest Dense Neural
Regression Networks
Mean Absolute | 0.00091 0.00365 0.00019 0.0005
Error (MAE)
Mean Square 1.195x107 1.779x107° 4.83x1077 6.874x1077
Error (MSE)
R-Squared 0.9902 0.973 0.998 0.999

As a result, there is a trade-off between interpretability and performance. Simpler models
are easier to grasp, but they may fail to capture complex patterns as well as more

sophisticated models. Meanwhile, models that can describe more complicated links and
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interactions, such as Random Forests and Neural Networks, are less interpretable, making

predictions more difficult to explain.

The CSA N290.14 standard establishes a methodology for measuring the complexity of
commercial software used in nuclear power facilities. This standard categorizes software
system complexity using a measurable metric based on the number of lines of code. It is a
tiered structure that goes from "Low" for software with less than 1,000 lines of code to
"Very High" for components with more than 100,000 lines reason being more lines of code
often suggest more functions and features, a larger risk of problems and mistakes, and more
maintenance effort. Thus, the standard implies that software with fewer lines of code would
be simpler to test, administer, and maintain, especially in the highly regulated nuclear

business where safety and dependability are crucial.

Table 4-4 displays all the methods used for model interpretability have been listed with the

number of lines of code done to generate them.

Table 4-4: Lines of Code for Each Method

Model Lines of Code CSA Complexity Level
Simple Linear Regression 227 Low
Decision Tree 58 Low
Random Forest 85 Low
Dense Neural Network 58 Low

Contrary to the CSA N290.14 approach, assessing the complexity of machine learning
(ML) models based on lines of code alone creates a paradox as all methods would be

classified as "Low" complexity as shown in Figure 4-6.

44



Lines of Code for ML Models vs. CSA Standard 1000

1000 ~

800

600

Lines of Code

400

227

200 ~
85

58 58
a T T T T T
Simple Linear Regression Decision Tree Random Forest Dense Neural CSA Standard Low
Network Complexity

Figure 4-6: Lines of Code for each Method

Despite having smaller lines of code, machine learning models can encode very
complicated, non-linear connections inside data that are difficult to analyze. While the
standard's line-count-based metric is appropriate for commercial-off-the-shelf software, it
is inapplicable to machine learning algorithms. The complexity in machine learning is
incorporated in the model's structure and the data from which it has learned, not the

verbosity of the code.

Several research have offered insight into the importance of understanding the reasoning
underlying model predictions. Ribeiro et al.'s key paper "Why Should I Trust You?" [51]
established LIME, an approach that has proved useful in explaining the predictions of
previously opaque models. Similarly, Tan et al.'s "Distill-and-Compare" [52] technique

distills black-box models into interpretable equivalents, making it possible to audit them.

4.2.2 FEATURE IMPORTANCE

Feature importance in machine learning refers to techniques used to determine the

significance of the input variables (features) on the predictions made by a machine learning
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model. By identifying which features have the most influence, feature importance can help
improve model performance, provide insights into the underlying data, and support

decision-making processes.

SHapley Additive exPlanations (SHAP) derived from game theory provides a methodology
to understand the output of machine learning models. SHAP values measures how much
each feature contributes to a prediction providing detailed insights into the model's
individual predictions. For a machine learning model fand a particular instance x with
features

x1, x2...., xn, the SHAP value ¢ for feature i is calculated as shown in the equation (4.1).

S|t (n =S| = D! :
pi= Y PEEZBIED 50 00 - fso) @9

SEN{i}

Where:

e N is the set of all features.

e Sisasubset of N that does not include feature i

e |S] is the number of features in subset S

e fSU{i}(x) is the prediction of the model using the features in S plus the feature i

e fs(x) is the prediction of the model using only the features in S

e The factorial terms |S|! and (n—|S|—1)! along with n! (where n is the total number
of features) calculate the number of permutations of features and serve as weights

for averaging the marginal contributions.

4.2.2.1 FEATURE IMPORTANCE CASE STUDY

This section describes a case study that demonstrates the importance of feature importance
of feature importance. The case study hypothetically tried to predict the concentration of a

particular radionuclide Iodine-131 using the PCTRAN dataset.
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This case study used the random forest machine learning model as it combines multiple
decision trees trained on subsets of the data. Random Forest selects features randomly for
each split while building each decision trees, allowing the model to focus on the most useful

traits and discard the least important ones.

The Random Forest Regressor has been trained to predict the future concentration of
Iodine-131 (I131) based on the current concentrations of other radionuclides. The mean
squared error (MSE) of the predictions on the test data set is 4.59¢-08. This MSE provides

a basic measure of the prediction error.

Figure 4-7 lists the top five features the model found most predictive.

Top 5 Feature Importances from Random Forest Regressor

1131

KR85M

Feature

KR88

1134

T T T T
0.02 0.04 0.06 0.08
Importance

Figure 4-7: Feature Importance Percentages

The figure indicates that isotopes of lodine-134, Krypton-88, Krypton-85M, lodine-131,
and Krypton-85 are the top predictors for the future concentration of lodine-131. This

pattern might be because of how the data was simulated.

From Figure 4-8, features like KR88, 1134, and KR85M have the highest average SHAP

values, suggesting that they are the most influential factors for predictions.
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Figure 4-8: SHAP Values

In machine learning, feature importance is crucial because it helps the user to understand
how each input variable contributes and influences the model’s predictive capability. This
insight increases the model transparency and improves refining and feature selection
further improving the overall model performance. The article "Feature Importance
Analysis using SHAP" provides a thorough analysis of feature importance using SHAP
values. It shows the impact of each feature on the model's predictions using different

visualizations [53].

In contrast, the CSA N290.14 standard, which deals with the qualification of digital
hardware and software for nuclear power plants, does not involve the assessment of feature

importance as understood in machine learning contexts. Instead, CSA N290.14 focuses on
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qualification of digital systems and components for safety and effectiveness in their
specific applications within nuclear facilities. It establishes processes for the assessment
and validation of digital equipment’s to ensure stringent safety requirements, which is
fundamentally different from feature importance analysis in machine learning. Thus, while
feature importance is central to evaluating and improving machine learning models, CSA
N290.14 is focused on the safety and reliability of nuclear power plant instrumentation and
control systems. It does not include methods for quantifying feature importance for

machine learning models.

4.2.3 DATA DIVERSITY

Data diversity in machine learning reflects broader and more diverse training and testing
the quality and quantity of training platforms are key drivers of both performance and bias,
affecting the ability of an algorithm to make an accurate prediction and to do so in an

unbiased manner.

The value of data diversity stems from the payoffs it entails. Diversity can improve
generalisation across varying source and target conditions, reduce modelling bias, and
make probabilistic models more robust to variation and spurious features in input data.
When a machine-learning model is faced with inputs it hasn’t seen before, training on

diverse data can ensure it performs well.

But ensuring data diversity is no simple matter. Achieving data diversity is challenging in
a data-scarce, expensive, or privacy-constrained domain, and there is also the potential for
one class to appear disproportionately in the data, while others are overgeneralised, which
can increase the complexity of your machine learning project, and the specialised

techniques and resources required to deal with it.

4.2.3.1 DATA DIVERSITY CASE STUDY
Using data collected from nuclear sensors, this case study explores the influence of

diversity in data attributes on the predictive performance of machine learning models for
the task of identifying the presence and concentration of nuclear isotopes (specifically,
through the sensor reading ‘I131”). In nuclear power and environmental monitoring, it is
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critically important to accurately predict the presence and concentration of isotopes such
as 131 to maintain the safety of personnel, the public and the environment. lodine-131 is
a radioactive isotope created as a fission byproduct in some reactors, but also in certain
medical treatments, and it can be dangerous because the isotope is taken up in the thyroid
gland when inhaled or ingested. If taken up in high quantities, 131 can lead to thyroid
cancer. Therefore, it is highly important to monitor 1131 levels both in normal operations

of nuclear facilities, as well as in the aftermath of an accidental release.

The 1131 sensor data, which has been selected for the study as one of the technically
challenging targets due to its pivotal role in radiation safety management. Predicting 1131
concentrations with better accuracy can help to provide early warning systems, aid
emergency responses and maintain regulatory compliance by quickly estimating the
concentrations of a radioactive isotope. By providing a more precise forecast several days
ahead, machine learning models can help communities address emergency needs. But for
this mission-critical safety management function, building reliable forecasting predictors
does not allow for experimentation: the accuracy of model predictions will hinge on the
nature and quality of the training data. This exploratory discussion assesses how training
data diversity contributes to model accuracy by testing how well a model developed and

trained on a full dataset compares with that of a limited subset of the same dataset.

For this analysis, a data set with time-series readings from the nuclear sensor (1131) having
different features representing different environmental and operational conditions under
which the sensor data are captured. Three different training situations were used to
understand the effect of the diversity of data on the model performance using a Linear
Regression Model. In the first situation, the is trained and tested on only 20% of the dataset.
In the second situation, the model is trained on 20% of the dataset and the performance is

tested on the entire dataset. Lastly, the model is trained and tested on the full dataset.

We highlight the importance of data diversity in building accurate predictive models using
key performance metrics Mean Squared Error (MSE), and R-squared (R?) to analyze and

compare both models.
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The results are listed in Table 4-5:

Table 4-5: Data Diversity Cast Study Results

Dataset Size R?
Case 1 0.998
Case 2 0.981
Case 3 0.989

Case 1, although highly accurate, it won’t reflect the real performance in the plant due to
the lack of diversity. This becomes evident when considering Case 2 which results in
considerable drop when testing with the entire dataset. Case 3 presents a more accurate test
where training and testing where performed on the entire dataset providing more realistic
explanations on the model performance in case of deployment in the plant. Such results
reveal the importance of considering the data diversity used in the model training process
as part of the qualification process itself to ensure that any report accuracy represents the
expected real performance in the plant when such a model is deployed. The CSA N290.14
standard focuses on quality and reliability of digital systems which involve evaluating
elements like lines of codes etc. Data diversity is an aspect that would require to be

evaluated to avoid the risk of failing in real-world applications where variability is inherent.
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CHAPTER 5 CONCLUSION

The goal of this thesis was to help explain the importance of developing rigorous regulatory
frameworks for certifying Al software for use in the nuclear sector. As Al becomes
increasingly embedded in safety-critical systems, it is evident that existing standards, such
as CSA N290.14, may not fully address the distinctive characteristics of Al. Rather than
viewing this as a limitation, this thesis aims to initiate a proactive dialogue, serving as a
foundation for future discussions on Al qualification as these technologies continue to

evolve.

They narrowed this gap through three methodologies for any software that encompasses
future Al: interpretability of the model, feature importance and diversity of the data. Each
was chosen because it directly relates to the safe and reliable operation of Al in nuclear

environments:

e Model Interpretability: Interpretability of the AI model predictions is essential in
nuclear applications where clarity and responsiveness are expected in safety and
security procedures. The case studies showed that while some models are inherently
interpretable (eg, Decision Trees), others (eg, Dense Neural Networks and Random

Forests) need a tool or a method (eg, SHAP or LIME) to explain their decisions.

e Feature Importance: Highlighted the importance of understanding which input
variables have the greatest effect on the predictions of an Al model. Prediction
models are most susceptible when the predictions are most sensitive to the inputs.
The risk management of Al systems, and also their delegation to AI models, thus
requires regular evaluation of feature importance in order to ensure that Al systems
are focusing on the most relevant features and are therefore safer and more

dependable.
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e Data Diversity: The robustness of Al models depends heavily on the diversity of
training data. Al models must be exposed to a broad spectrum of operational
scenarios, including rare and outlying events, if they are going to generalise well
and perform well under varied conditions. In the case studies, we observe how the
use of more diverse datasets is critical in avoiding model breakdown in the face of

adverse contingencies.

Through these three methodologies, the thesis demonstrated the need for a new approach
to Al qualification that goes beyond traditional software standards. The proposed
recommendations advocate for the development of clear interpretability standards, regular
feature importance assessments, comprehensive data diversity audits, rigorous validation
protocols, and closer collaboration between industry and regulatory bodies. These
measures are essential to ensuring that Al technologies can be safely and effectively
integrated into nuclear power operations.

While this thesis lays the groundwork for qualifying Al software in nuclear applications,
there are several opportunities for further research and development to enhance this

framework:

e Developing a Comprehensive Al Qualification Framework: Future research should
focus on designing an Al-specific qualification framework that incorporates the
unique characteristics of Al models, such as dynamic learning, non-linear decision-
making, and dependency on large datasets. This framework should be aligned with
existing standards like CSA N290.14 but provide additional criteria tailored to the
needs of Al, including requirements for model interpretability, data diversity, and
continuous monitoring.

e Exploring Advanced Interpretability Techniques: Further exploration of advanced
interpretability methods, such as counterfactual explanations, model distillation,
and surrogate models, could provide deeper insights into the decision-making
processes of complex Al models like Neural Networks and Random Forests.

Research could also investigate how these techniques can be standardized and
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implemented in regulatory contexts to ensure consistent and transparent Al
deployments.

e Integrating Al with Real-Time Monitoring and Control Systems: There is a need to
study how Al can be integrated more effectively with real-time monitoring and
control systems in nuclear power plants. Future work could focus on developing
real-time validation and verification protocols that allow AI models to adapt to
changing operational conditions without compromising safety.

e Facilitating Collaborative Research and Regulatory Development: Encouraging
collaboration between regulatory bodies, Al developers, and nuclear operators can
accelerate the development of Al-specific guidelines and best practices. Future
initiatives could include joint workshops, shared research projects, and the
establishment of interdisciplinary task forces to address the challenges and
opportunities associated with Al in nuclear power.

e Assessing Al Performance in Extreme and Rare Scenarios: Further studies are
needed to evaluate the performance of AI models under extreme and rare
operational conditions, such as reactor accidents or unexpected equipment failures.
Research could involve creating synthetic datasets or simulations that mimic these

scenarios, allowing for rigorous testing of Al robustness and resilience.

By expanding on these areas, future research can build on the foundation laid by this thesis,
creating a more comprehensive and effective framework for the safe and reliable use of Al
in nuclear power applications. Ensuring that Al technologies meet the highest standards of
safety and transparency will be crucial as the nuclear industry continues to innovate and

incorporate advanced digital technologies.
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APPENDIX A: PYTHON CODE

Simple Linear Regression Python Code

# Import necessary libraries

from google.colab import drive

import pandas as pd

from sklearn.model selection import train test split
from sklearn.linear model import LinearRegression

from sklearn.metrics import mean squared error, r2 score,
mean absolute error

import matplotlib.pyplot as plt

import numpy as np

# Load dataset
file path = "/content/drive/My Drive/ldose.csv"
df = pd.read csv(file path)

# Data Preparation

X = df[['TIME"]]

y = df['I132"']

X train, X test, y train, y test = train test split(X, vy,
test size=0.2, random state=42)

# Model Training
model = LinearRegression()
model.fit (X train, y train)

# Predictions
y_pred = model.predict (X test)

# Performance Metrics

mse = mean squared error(y test, y pred)
r2 = r2 score(y test, y pred)

rmse = np.sqrt(mse)

mae = mean_ absolute error(y test, y pred)

# Coefficients

slope = model.coef [0]
intercept = model.intercept
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Decision Tree Python Code

from google.colab import drive
drive.mount ('/content/drive')

from sklearn.tree import DecisionTreeRegressor

from sklearn.model selection import train test split

from sklearn.metrics import mean absolute error, mean squared error,
r2_score

from sklearn.tree import plot tree

import matplotlib.pyplot as plt

import pandas as pd

# Load the dataset.
df = pd.read csv(file path)

X
Yy

df[['TIME']] # Independent variable (s)
df['I132"'] # Dependent variable to predict

# Split the dataset into training and testing sets.
X train, X test, y train, y test = train test split(X, vy,
test size=0.2, random state=42)

# Initialize the Decision Tree Regressor model with limited complexity.
decision_ tree model = DecisionTreeRegressor (max depth=3,
min samples split=10, random state=42)

# Train the model using the training data.
decision tree model.fit(X train, y train)

# Make predictions using the testing data.
y_pred = decision tree model.predict (X test)

# Calculate evaluation metrics.

mae = mean_ absolute error(y test, y pred)
mse = mean squared error(y test, y pred)
r2 = r2 score(y test, y pred)
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Random Forest Python Code

from google.colab import drive
drive.mount ('/content/drive')

import pandas as pd

from sklearn.model selection import train test split

from sklearn.ensemble import RandomForestRegressor

from sklearn.metrics import mean absolute error, mean squared error,
r2 score

# Update the file path to the location of your dataset in Google Drive
file path = "/content/drive/My Drive/l .csv"

# Load the dataset
df = pd.read csv(file path)

X
Yy

df[['TIME']] # Independent variable(s)
df['T132"'] # Dependent variable to predict

# Split the dataset into training and testing sets
X train, X test, y train, y test = train test split(X, vy,
test size=0.2, random state=42)

# Initialize the Random Forest Regressor model
random forest model = RandomForestRegressor(n_estimators=100,
random_ state=42)

# Train the model using the training data
random forest model.fit (X train, y train)

# Make predictions using the testing data
y pred rf = random forest model.predict (X test)

# Calculate evaluation metrics

mae rf = mean absolute error(y test, y pred rf)
mse rf = mean squared error(y test, y pred rf)
r2 rf = r2 score(y test, y pred rf)
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Dense Neural Network Python Code

# Import necessary libraries
from google.colab import drive
drive.mount ('/content/drive')

import pandas as pd

from sklearn.model selection import train test split

from sklearn.preprocessing import StandardScaler

from sklearn.metrics import mean squared error, mean_ absolute error,
r2 score

import tensorflow as tf

from tensorflow.keras.models import Sequential

from tensorflow.keras.layers import Dense

import matplotlib.pyplot as plt

import numpy as np

# Prepare the data
X = df[['TIME']].values # 'TIME' is independent variable
y = df['TI132"].values # 'I132' is dependent variable

# Normalize the features
scaler = StandardScaler ()
X scaled = scaler.fit transform(X)

# Split the data
X train, X test, y train, y test = train test split(X scaled, vy,
test size=0.2, random state=42)

# Define the DNN model
model = Sequential ([
Dense (128, activation='relu', input shape=(X train.shapelll]l,)),
Dense (64, activation='relu'),
Dense (32, activation='relu'),
Dense (1) # Output layer for regression

1)

# Compile the model
model.compile (optimizer='adam', loss='mse', metrics=['mae'])

# Train the model
history = model.fit(X train, y train, validation split=0.2, epochs=150,
batch size=32, verbose=l)

# Make predictions
y_pred = model.predict (X test)

# Calculate evaluation metrics

mse = mean_squared error(y test, y pred)
mae = mean_absolute error(y test, y pred)
r2 = r2 score(y test, y pred)
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Feature Importance Python Code

from google.colab import drive

from sklearn.model selection import train test split
from sklearn.ensemble import RandomForestRegressor
from sklearn.metrics import mean squared error
import pandas as pd

# Mount Google Drive
drive.mount ('/content/drive', force remount=True)

# Load the dataset from the specified file path
def load data(file path):
return pd.read csv(file path)

# Prepare the data by creating a target variable (future value of
I131)
def prepare data (df):

df['I131 future'] = df['I131'].shift(-1) # Create target
variable
df = df.dropna() # Drop rows with NaN values after shifting

return df

# Split the data into training and testing sets
def split data (df):
X = df.drop(columns=['TIME', 'I131 future'])
y = df['I131 future']
return train test split(X, y, test size=0.2, random state=42)

# Train the Random Forest Regressor and make predictions
def train and predict (X train, y train, X test):

rf regressor = RandomForestRegressor (n_estimators=100,
random_ state=42)

rf regressor.fit (X train, y train)

y pred = rf regressor.predict (X test)

return rf regressor, y pred

# Calculate the mean squared error of the predictions
def calculate mse(y true, y pred):
return mean squared error (y true, y pred)

# Extract and return feature importances
def get feature importances (model, feature names) :
importances = model.feature importances
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features df = pd.DataFrame ({'Feature': feature names,
'Importance': importances}) .sort values (by='Importance',
ascending=False)

return features df

# Main function to run the entire process
def main(file path):
df = load data(file path)
df prepared = prepare data (df)
X train, X test, y train, y test = split data(df prepared)
model, y pred = train and predict(X train, y train, X test)
mse = calculate mse(y test, y pred)
feature importances = get feature importances (model,
X train.columns)
print (f'Mean Squared Error: {mse}')
print (feature importances.head())

file path = "/content/drive/My Drive/ldose.csv"

# Run the main function with the specified file path
main(file path)
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Data Diversity Python Code

import pandas as pd

from sklearn.model selection import train test split
from sklearn.linear model import LinearRegression

from sklearn.metrics import mean squared error, r2 score
from google.colab import drive

data = pd.read csv(file path)

# Case 1: Train and test on a random 20% sample of the dataset
def case 1(data):

data sample = data.sample(frac=0.2, random state=42)

X = data sample[['TIME']]

Y = data sample['T131"']

X train, X test, Y train, Y test = train test split(X, Y,
test size=0.2, random state=42)

model = LinearRegression()

model.fit (X train, Y train)

Y pred = model.predict (X test)

mse = mean_squared error (Y test, Y pred)

r2 = r2 score(Y test, Y pred)

print("Case 1 - Train and test on a random 20% sample of the
dataset")

print(f'Mean Squared Error (MSE): {mse}'")

print (f'R-Squared (R?): {r2}\n'")

# Case 2: Train on a random 20% sample of the dataset and test on the
full dataset
def case 2(data):
train data = data.sample(frac=0.2, random state=42)
X train = train data[['TIME']]
Y train = train data['I131"]
X test data[['TIME']]
Y test data['T131"]
model = LinearRegression()
model.fit (X train, Y train)
Y pred = model.predict (X test)
mse = mean_squared error (Y test, Y pred)
r2 = r2 score(Y test, Y pred)

print("Case 2 - Train on a random 20% sample of the dataset and
test on the full dataset")

print(f'Mean Squared Error (MSE): {mse}'")

print (f'R-Squared (R?): {r2}\n')

# Case 3: Train and test on the full dataset
def case 3(data):

X = data[['TIME"]]

Y = data['T131"]

model = LinearRegression()

model.fit (X, Y)

Y pred = model.predict (X)

mse = mean squared error(Y, Y pred)

r2 = r2 score(Y, Y pred)
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print("Case 3 - Train and test on the full dataset")
print(f'Mean Squared Error (MSE): {mse}')
print (f'R-Squared (R?): {r2}\n'")

# Run all cases
case_ 1 (data)
case_ 2 (data)
case_ 3(data)
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