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Abstract of Praxis 
 

Predictive Model for Determining the Probability of Producing Non-Conforming 
Medical Systems 

    

  Medical systems used for in vitro diagnostics are complex instruments that 

require precise manufacturing process controls to ensure accurate and reliable results. 

Existing methods for selecting manufacturing process controls for new medical systems 

may not adequately measure the final product functionality, leading to the high 

production of non-conforming systems. This can limit new system launches, which can 

be costly for the manufacturer and prevent caregivers from accessing valuable medical 

technology. A predictive model that can use data from the manufacturing process to 

predict if a medical system is non-conforming can give engineering managers and 

stakeholders confidence that the system being released for use will work as intended and 

allow commercialization activities to start with minimal restrictions. This could reduce 

costly low-yield issues observed during product launches. This Praxis describes the 

process of developing a predictive model for predicting the probability of producing non-

conforming medical systems based on a multivariable logistic regression model. The 

model was developed using information and data generated during the design transfer and 

early manufacturing phase for a new medical system. The study aimed to identify the 

control system parameters that were significant contributors to the outcome of the 

system’s analytical test, which was used to determine non-conformance. Results 

generated during the research indicate that the predictive model developed was effective 

at predicting the non-conformance disposition of a system based on the testing data 

generated as part of the manufacturing process.   
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Chapter 1—Introduction 

 

1.1 Background 

Modern technology is enabling significant improvements in the quality of 

healthcare patients receive. Clinicians now have countless medical systems available to 

make a rapid diagnosis right at the point of care (Nichols JH, 2020). Clinicians' increased 

use of these medical systems has improved patient outcomes, enabling people to live 

longer and healthier lives.  

Medical systems are made by medical device companies. These companies may 

focus on a particular clinical environment (i.e., doctor's office, clinical labs, surgical 

rooms, etc.) or cover many settings. Medical systems can range from simple 

thermometers that measure your body temperature to advanced magnetic resonance 

imaging (MRI) machines that allow clinicians to view detailed internal features without 

the need for surgery. In recent years, medical systems have even enabled people to have 

their genome sequenced, enabling personalized medicine to become a reality for treating 

diseases such as oncology (Morrison, 2011).  

While these advanced medical systems technologies have been largely accepted, 

developing a medical system is not trivial. There is an expectation by clinicians and the 

regulators who allow their use on patients that these systems work in a safe and effective 

manner. Medical system manufacturers are required to have standardized design 

procedures for new product development (NPD) projects as part of their Quality System 

Manual (QSM). The design procedures ensure that a medical system NPD project 
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delivers a system that meets the needs of the users and reduces the risk of harm to 

patients and users of the system as much as possible.   

 The procedures followed by medical system manufacturers on NPD projects 

follow design control guidance provided by regulatory bodies such as the FDA (Food & 

Drug Administration, 2023) or ISO (International Organization for Standardization, 

2016). The development process is generically demonstrated by the Waterfall Design 

Process (Figure 1) or a V-model Systems 

Engineering (Osborne, Brummond, Hart, 

Zarean, & Conger, 2005) process (Figure 

2). The new product development team is 

usually multidisciplinary, but Systems 

Engineers are usually the hubs of the 

development teams. Systems Engineers 

can leverage best practices from available 

documents such as the Systems Engineering Book of Knowledge (SEBoK Editorial 

Board, 2023). These design processes help ensure that development teams build the right 

thing, the right way, based on the needs of 

the users. The final output of these 

processes should be a medical system that 

will be validated through some form of 

clinical trial. Successful validation testing 

demonstrates that the newly developed 

medical system meets the described 

Figure 1. Medical System Waterfall Design 
Process 

(figure from Medical Devices Bureau, Health Canada) 

Figure 2. The V-model of the Systems 
Engineering Process 

(Osborne, Brummond, Hart, Zarean, & Conger, 2005) 
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intended use of the system and that the system is ready for regulatory body approval. 

Once regulatory approval, or clearance, is received for the new medical system, the 

manufacturing team is given the green light to begin production at levels that meet 

commercial demand. 

Medical system manufacturers often experience performance issues with new 

systems during the initial ramp-up phase. These issues are usually detected during factory 

acceptance testing, but sometimes, they are detected by early adopters of the systems. 

These initial ramp-up issues cause product returns and, in some cases, the halting of 

product sales. This translates to lower production yields, significant scrap costs, and 

missed business opportunities. This common initial ramp-up issue indicates that current 

design transfer processes for medical system NPD projects are not adequately identifying 

the necessary process controls for manufacturing. 

During the design transfer phase of a medical system NPD project, the product 

development team and manufacturing teams work together to ensure manufacturing 

process controls are placed on system components that are critical-to-function. These 

critical-to-function components should be identified by the development team in a system 

control or critical-to-function document. The manufacturing design team uses the 

information in those documents to identify the critical-to-function components and then 

ensure that test processes for those components exist during manufacturing. The test 

process controls are usually applied at either the component or subsystem level. The final 

acceptance test is also performed on the fully assembled medical system. If a system fails 

during the final acceptance testing (FAT) stage, it is scrapped or returned for rework if 

procedures allow for it. High failure rates for systems in FAT can be a source of high cost 
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in medical system NPD projects. Having issues with a new medical system that lead to a 

sales hold or recall can be very costly for the manufacturer. A predictive model that 

predicts the probability of systems passing (being conformant to specifications) based on 

the components used would be highly advantageous for medical system manufacturers. 

This Praxis aims to demonstrate how Engineering Managers responsible for NPD 

design transfer in medical system manufacturing can improve their initial yields using a 

predictive model tool. In this Praxis, a model will be developed and applied to 

manufacturing data from a newer medical system used for the diagnostic measurement of 

an analyte in the bloodstream. The medical system has been in the initial manufacturing 

phase for about a year at the time of initiation of this Praxis research phase. The 

representative medical system consists of a few subsystems which work together to drive 

and measure a chemical reaction. Each subsystem has essential components which are 

critical to the overall function of the system.  

 

1.2 Research Motivation 

This research is beneficial to Engineering Managers in the medical device 

industry as it will aid scientific and engineering staff in ensuring that new Medical 

Systems are well characterized during design transfer so that initial manufacturing issues 

can be minimized. This should allow for an optimized completion of an NPD project, 

enabling commercial success.  

The medical device industry has been growing rapidly in recent years. The market 

for medical devices and systems exceeds $100 billion dollars (Russell, 2008). Delays in 

product launches caused by initial low yields and or issues with newly launched systems 



5 
 

create high costs for the manufacturers of these medical systems. Medical system 

Engineering Managers today use tools such as Multi-Criteria Decision Aid (MCDA) to 

determine when a project is ready to move from one phase (i.e., development to 

manufacturing) to another (Barkaoui, Barkaoui, & Tavares, 2022). In other cases, they 

may strictly rely on experience, specific deliverable lists, and even bespoke stage gate 

criteria that may be a trade secret. These approaches have a mixed success rate depending 

on the complexity of the system being developed. Another common approach medical 

system manufacturers tend to rely on is controlled (soft) launches. A controlled launch 

allows the manufacturer an opportunity to flush out production issues with new systems. 

This learn-as-you-build approach is slow and very expensive. Changes made to medical 

systems during manufacturing are significantly more expansive than changes 

incorporated during initial development. Medical systems that incorporate chemistry, 

hardware, and software are even more complex. Such systems require innovative 

solutions to ensure they are ready for manufacturing. 

The research in this Praxis will demonstrate how a predictive model can minimize 

those initial learning curves by maximizing the probability that the correct manufacturing 

process controls are in place in the beginning. Knowing this information and the 

probability of the system's non-conformance status should give confidence to 

Engineering Managers that a medical system’s critical-to-function components have been 

identified during design transfer and that the system is indeed ready for manufacturing 

and commercialization. 
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1.4 Problem Statement 

The defined problem statement for this Praxis was: New medical system 

manufacturing process controls for components fail to adequately measure the final 

product functionality, leading to high failure during product launch with costs exceeding 

1M USD. 

Medical systems can have significant cost implications for manufacturers if they 

experience unexpected failures during manufacturing or initial use. The demand for 

medical systems is increasing, and so are product recalls. In 2022, medical device recalls 

increased by 8.8%, from 837 events in 2021 to 911 (Sedwick, 2023). The cost of the 

recalls for a manufacturer can be quite high. For example, a defect in certain Philips 

Respironics ventilators led to a recall based on an FDA determination of potential health 

risk (U.S. FDA, 2022). Philips took a $303 million charge due to the recall, but it has 

reserved $825 million to cover damage (Toby Sterling, 2021). In addition to the cost of 

recalls, medical system manufacturers also face the risk of delayed or slow product 

launches due to the inability to produce systems that meet commercial demand. This can 

also be very costly. The global market for medical systems running IVD tests is estimated 

at $82,390 US million in 2022 and is projected to reach a size of $120,900 US million by 

2028 (NASDAQ OMX's News). Not being able to enter the market at the desired time 

leaves a large opportunity unmet. 
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1.4 Thesis Statement 

The defined thesis statement for this Praxis was: A predictive model is required to 

determine the probability of producing non-conforming Medical Systems based on 

manufacturing process controls. 

 

1.5 Research Objectives 

The method for developing the predictive model will be used by engineering 

managers responsible for ensuring new medical diagnostic products are ready for design 

transfer. The predictive model will help validate that the manufacturing process controls 

selected for medical systems are effective at minimizing costly low-yield issues observed 

during product launches. The proposed predictive model should aid engineering 

managers responsible for medical systems design transfer to have higher initial yield rates 

for systems. 

 

1.6 Research Questions and Hypotheses 

Three research questions were addressed in the study: 

RQ1: What are the components contributing to the manufacturing of non-

conforming Medical Systems? 

RQ2: Can a predictive model be built that accurately predicts the 

probability of producing non-conforming Medical Systems? 

RQ3: Can logistic regression be used to identify critical components and 

their associated impact to final medical system functionality? 
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 The following are the research hypotheses: 

H1: Analysis of the manufacturing component test results will help 

identify which ones could affect system functionality. 

H2: A predictive model using logistic regression will identify non-

conforming Medical Systems in manufacturing. 

H3: Analysis of component test results with logistic regression will 

identify the dependency of components and critical system function. 

 

1.7 Scope of Research 

The proposed method for the development of a predictive model should aid 

engineering managers responsible for medical systems design transfer to have higher 

initial yield rates for systems. An applicable medical system, for the purpose of this 

Praxis research, is a system composed of subsystems that processes a specimen on the 

system to generate a measurement of a biological analyte of interest in a medical 

application. 

 

1.8 Research Limitations 

This research is limited to moderate complexity medical systems that perform in 

vitro diagnostic (IVD) tests and has not been considered for applicability to other medical 

systems or devices. IVD tests are done on samples such as blood or tissue that have been 

taken from the human body. Medical systems are highly specialized tools that need to be 

designed and developed based on medical laboratory science and in vitro diagnostic 
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methodology. They are intended to diagnose diseases and other conditions and, therefore, 

need to be accurate and reliable. The review paper “Methods and Advances in the 

Design, Testing, and Development of In Vitro Diagnostic Instruments” describes some of 

the variety of medical system methods and biochemical, physical, and other related 

technologies and their development process, which involves complex system engineering 

(Wang, 2023). 

 

1.9 Organization of Praxis 

This Praxis follows a traditional five-chapter format. Chapter 1 introduces the 

study by highlighting the background of the problem, the problem and thesis statements, 

and the research questions. Chapter 1 concludes with identifying this study’s objectives 

and a discussion on the research scope and limitations placed on it. Chapter 2 provides a 

detailed overview of the literature that supports the viability of this study. Chapter 3 

discusses the study’s methodology, which includes why the researcher selected a logistic 

regression methodology to develop the predictive model. Chapter 4 provides an overview 

of the study’s findings and results. Chapter 5 concludes the Praxis by summarizing the 

study, discussing how this study was significant to the body of knowledge, and providing 

recommendations for future and further research.  
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Chapter 2—Literature Review 

 

2.1 Introduction 

Medical system manufacturers use various methods to minimize the risk of 

producing non-conforming systems. This study reviewed literature on existing methods 

used by medical system manufacturers to minimize risk. Common methods include the 

use of Multi-Criteria Decision Aids (MCDA) or the development of bespoke project 

management Critical Success Factors (CSF). The decision-making aids reviewed in the 

literature focus on parameters that allow Engineering Managers to decide whether the 

medical system is ready to enter the next stage of the development process. For example, 

the Barkaoui study (Barkaoui, Barkaoui, & Tavares, 2022) described a customized 

MCDA process called 'Define, Prioritize, Measure, and Aggregate' (DPMA) to help 

engineering managers in decision-making during the development process of new 

medical devices. In the case of medical system manufacturing, approval of the 

completion of the design transfer stage indicates that a system is ready for manufacturing 

and distribution.  

More recently, there have been attempts to develop predictive models to 

determine if complex development projects will be successful. While the studies 

reviewed focused on overall project success as the outcome, the methods used to develop 

those models can be applied to the development of predictive models for medical 

systems. Medical systems are complex devices that are like complex development 

projects in other disciplines. Three specific predictive models were evaluated for 

applicability to medical diagnostics systems. Some of the studies reviewed used a logistic 
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regression method that appears to have good applicability for characterizing medical 

systems. This Praxis study will propose the development of a logistic regression 

predictive model using an exemplary medical system. 

This literature review is divided into four main sections. In the first section, we 

discuss medical system complexity. The second section briefly describes the medical 

system used in this study and associated healthcare implications. In the third section, we 

describe some studies that developed predictive models for evaluating the probability of 

successful outcomes in development projects. The fourth section discusses how logistic 

regression can be used for the development of a predictive model to predict medical 

system conformity. 

 

2.2 Medical Systems Overview 

 Medical systems are intended for use by healthcare providers to diagnose health 

conditions in patients. These systems use a variety of technologies to generate possible 

diagnoses for a wide range of health complications. Those complications can range from 

common illnesses like the flu to more severe diseases like cancer. Globally, the medical 

device industry generated more than $550 billion in annual sales in 2021, with around 

40% of the sales coming from the United States alone (Precedence Research, 2023). 

According to the Precedence Report, the medical system industry is experiencing an 

annual growth rate of approximately 10%. Data from a 2005 Frost and Sullivan report 

estimated that there are more than 7500 medical systems introduced to the market each 

year, with an average product life cycle duration of 18-24 months (Frost and Sullivan, 

2005). Given the long development cycles and the value of the market, having delays in 
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product launches due to low yields in manufacturing is a very costly event for medical 

system manufacturers. While the financial losses are a great concern for the 

manufacturers, one must also consider that healthcare providers may be eagerly waiting 

to treat patients with those newly developed medical systems. The delays also impact the 

care those patients ultimately receive. 

 One of the primary benefits of medical systems is that they help healthcare providers 

save time by quickly and accurately identifying potential diagnoses. While that benefit is 

of great value, there are also some potential risks associated with the use of medical 

systems in healthcare settings that must be mitigated. For example, one common risk 

with diagnostic medical systems is that the results they generate may biased. Bias refers 

to a measurement error when compared to a reference value. In medical systems, a biased 

result means that the system may be more likely to generate certain diagnoses for certain 

patients or specimen types in a way that is not reflective of the actual health condition. 

This could cause the healthcare provider to delay treatment or prescribe inadequate 

therapy. Another risk is that the medical system has poor precision and accuracy when 

performing its measurements. This could also lead the healthcare provider to recommend 

a suboptimal therapy. Medical system manufacturers have processes in place to minimize 

those risks, as well as others, to the patients and users of the systems. However, 

identifying those risks is not a trivial task, as medical system functionality is complex. 

Medical systems are a powerful aid for healthcare providers with the potential to improve 

the accuracy and efficiency of healthcare, but medical system manufacturers must 

minimize the potential risks associated with these systems before releasing them for use. 
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2.2.1 Complexity of Medical Systems  

   Medical Systems require the integration of knowledge from multiple 

disciplines, such as biology, physics, engineering, and computer science. Successful 

development of a comprehensive medical system used for diagnostics requires a team of 

experts from those different disciplines to work together to create a solution that is 

accurate, reliable, and easy to use. Effective communication and knowledge transfer must 

occur between the disciplines so that a useful system is developed. The integration of 

science and engineering can lead to more effective implementation of evidence-based 

practices in healthcare settings (Wu, 2015), but organizations struggle with this process. 

In addition to the challenge of chemistry and engineering integration, medical system 

functionality is heavily impacted by human factors. Medical system engineers need to 

consider various human engineering factors, such as user-centered design and usability 

testing, to ensure that medical systems are intuitive, user-friendly, and meet the needs of 

different intended users. The article "The Complexities of the Human-Medical Device 

Interface" by Larry Fennigkoh highlights some of the challenges associated with 

designing effective and safe medical devices that can be used by humans (Fennigkoh, 

2011). 

 The overall responsibility for ensuring that the medical system meets the needs of all 

the stakeholders usually falls onto Systems Engineers during the development phase of 

NPD projects. Systems Engineers play a major role throughout the life cycle of a medical 

system. There are examples in the literature that provide guidance to Systems Engineers 

on how to manage the development and sustenance of complex medical systems. The 

article “Principles and Benefits of Explicitly Designed Medical Device Safety 
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Architecture” describes how a well-designed and documented architecture can help to 

address this complexity (Larson, 2017). The work of Systems Engineers starts by 

defining the user needs and product requirements. The product requirements must ensure 

that all user needs are met. The system engineer must look at the total system and the 

individual components (i.e., chemistry, hardware, software) used to assemble an entire 

system to ensure the user’s needs are met. This total system review must also include the 

needs of the manufacturing team to be able to effectively produce the system in a way 

that ensures the need for precision, repeatability, reliability, and cost-effectiveness. This 

usually occurs during the design transfer phase of a medical system NPD project.  

 Engineering managers need to ensure System Engineers follow guidance standards, 

such as ISO/IEC/IEEE 15288:2015, which define a set of system life cycle processes and 

associated terminology for the development, operation, and maintenance of systems, but 

it is important to note they are not comprehensive enough for medical systems. The 

challenge for Systems Engineers who develop medical systems is that it is not like 

systems engineering in other industries. For medical systems, the primary concern of the 

development team is to ensure that all risks to a patient are mitigated to the greatest 

extent possible. This implies that medical system development must be centered around 

Risk Management. Risk Management based development is not exclusive to medical 

systems, but it differs from other industries in that the user and patient safety are the 

center of risk analysis rather than technical or business risks. The ultimate goal of the 

design transfer phase is to ensure that the product is produced, defined, and characterized 

sufficiently well and in accordance with its design specifications so that the 
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manufacturing engineering organization knows where to place process controls that are 

critical-to-function of the system. 

   

2.3 Overview of Praxis Medical System 

 This study uses a medical system that functions as an analyzer of human blood 

specimens to measure a protein of interest. Proteins are complex molecules made up of 

chains of smaller molecules called amino acids. Proteins are essential for the proper 

functioning of the body. They have many important functions in the human body, 

including enzymatic activity, structural support, transport and storage, hormone 

regulation, immune defense, and movement. The medical system characterized in this 

Praxis provides a measurement value that helps the healthcare provider understand if a 

protein of interest is at a normal or abnormal level and recommend an appropriate care 

plan. 

 The protein of interest measured by the medical system in this Praxis is a variant of 

hemoglobin called Hemoglobin A1c (HbA1c). Hemoglobin is a protein in red blood cells 

that carries oxygen throughout the body. When glucose enters the bloodstream, it binds to 

hemoglobin and forms a glycated hemoglobin protein medically labeled as HbA1c. The 

medical system performs an HbA1c test, which measures the percentage of glycated 

hemoglobin in the blood. The higher the blood glucose levels, the more glucose binds to 

hemoglobin, and the higher the HbA1c level will be. The HbA1c test is used to monitor 

and diagnose diabetes, as well as to determine how well a person with diabetes is 

managing their blood sugar levels over time. Studies have shown that measuring HbA1c 

is an effective tool to diagnose and monitor the effectiveness of the management regimen 
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of diabetes. (Schnell O, 2017 May). Undiagnosed or mismanaged diabetes can result in 

dangerous complications for patients. Diabetes is the most common cause of blindness, 

kidney failure, and non-traumatic amputation of the toes, feet, or legs (Endocrine Society, 

2022). These medical complications translate to a great cost burden on the medical 

system. 

 The first critical-to-function step the study medical system performs is to denature the 

hemoglobin protein (Yip, 2000). This allows an antibody to bind to HbA1c. This is 

performed by mixing of reagents within the mixing sub-assembly of the system. That 

subassembly is composed of a motor, cartridge holder, and heating elements. The next 

step in the process involves determining the concentration of denatured hemoglobin by 

measuring its absorbance of light at approximately 540 nanometers using the system’s 

spectrophotometer subassembly (Yip, 2000). Once the total hemoglobin is measured, the 

solution is mixed with the HbA1c antibodies, which cause the HbA1c to agglutinate 

(clumping of proteins together). A second measurement is taken with the 

spectrophotometer subassembly, but this time, it measures the light scattering of the 

agglutinated proteins. The critical-to-function components of the spectrophotometer 

include the light source, optical components, and the light-absorbing detection 

component. Once all the measurements are taken, the medical system provides the 

HbA1c test result to the healthcare provider so appropriate medical actions are taken. 
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2.3.1 Healthcare Implications of Praxis Medical System 

   According to the CDC (Centers for Disease Control and Prevention, 2022), 

more than 133 million Americans are living with diabetes (37.3 million) or prediabetes 

(96 million). In an American Diabetes Association (ADA) research study from March 22, 

2018 (American Diabetes Association, 2018), it was estimated that the total costs of 

treating patients diagnosed with diabetes had risen to $327 billion in 2017 from $245 

billion in 2012 when the cost was last examined. The rate of total diabetes has been 

steadily increasing (Centers for Disease Control and, 2020) over the last few decades 

(See Figure 3) across all age groups. People with diagnosed diabetes incur average 

medical expenditures of around 

$16,750 per year, of which 

$9,600 is attributed to diabetes 

(American Diabetes Association, 

2018). That means that a person 

with diabetes spends roughly 2.3 

times more on medical expenses 

than a person without diabetes. 

Given the increased costs to 

personal health and medical care costs associated with a diagnosis of diabetes, the 

medical system used to diagnose it must be very precise. It is important to have the right 

specifications in design transfer to avoid introducing unwanted variances in the medical 

system in manufacturing, as this can cause a significant cost to the company, the users, 

and, ultimately, the patients. 

Figure 3. Diabetes Trends 
  

Trends in age-adjusted prevalence of diagnosed diabetes, 
undiagnosed diabetes, and total diabetes among adults aged 18 years 

or older, United States, 1999–2016 
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2.4 Predictive Model Use in Development Projects 

 The use of predictive models for evaluating the probability of having a successful 

outcome on development projects has been demonstrated in literature. For this Praxis, we 

can consider a design transfer project as successful if the manufacturer has high yields 

and low field issues. Many types of analysis methods are used to develop those predictive 

models. Analysis tools may include linear regression, Markov chain, Hypothetico-

deductive modeling, and logistic regression.  

 One often-cited paper on predictive models for development projects, “A predictive 

model of sequential iteration in engineering design”, describes the development and use 

of a reward Markov chain-based design-structure matrix to model the sequential 

interactions in NPD projects (S.D.Eppinger, 1997). The author's goal was to build a 

robust and analytically sound model of the engineering design process to help more 

accurately predict engineering execution times in development projects. The model 

developed in the study suggested that when specific process guidelines are used, the 

development time is lessened.  

 In a different predictive model application study, the impact of different relations 

between product complexity and team seniority was evaluated to develop a predictive 

model for complex new development projects. The study, "Exploring the Relation 

Among Product Complexity, Team Seniority, and Project Performance as a Path for 

Planning New Product Development Projects: A Predictive Model Applying the System 

Dynamics Theory," focused on time prediction in NPD projects (Barbalho, 2022). The 

research team in this study applied an empirical simulation based on three postmortem 
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mechatronic NPD projects in order to test the method model. The key variables evaluated 

were product complexity and team seniority. This study was of interest to the author of 

this Praxis as the use of subject matter experts (SME) is one method employed by 

developers to mitigate against the risk of high non-conformance rates. 

 In another study, research was conducted by its authors to develop an empirical 

model based on logistic regression to predict the likelihood of cost overruns during 

project implementation. The study “Developing a Cost Overrun Predictive Model for 

Complex Systems Development Projects” focused on the ability of large-scale aerospace 

and defense projects to predict their compliance with the Nunn McCurdy cost overrun 

metric instituted by the U.S. government (Adoko, 2015). The pass outcome for the 

predictive model in this study was not to incur a cost overrun. The value of the predictive 

model in this study is that it helped develop knowledge on cost overruns experienced by 

complex systems development projects, add data to the ongoing analyses of factors of 

cost growth, and help engineering managers develop successful strategies for the 

acquisition of complex systems within cost and schedule. In the end, the study identified 

schedule and reliability as the key determinants of whether a complex systems 

development project will experience cost overruns or not, but the logistic regression-

based predictive model process is what helped them develop their conclusions. The 

research study methodology described in this Adoko study (Adoko, 2015), while not 

about medical systems, can be useful for the Praxis study as it describes how to manage 

complex interactions. This study methodology will be leveraged for the development of 

the predictive model in this Praxis.  
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2.5 Logistic Regression 

 One analysis tool that has been demonstrated in literature to predict outcomes of 

development projects is logistic regression.  Logistic regression is a statistical method 

that is used to model the relationship between an outcome (dependent variable) and a set 

(independent) variable or variables. Logistic regression is a type of regression analysis 

that uses a linear model to predict the outcome. However, since the outcome of logistic 

regression is a probability prediction, the linear model is transformed into a logistic 

function. It is important to note that logistic regression is different from linear regression 

models, where the outcome is continuous. In logistic regression models, the probability is 

a binary or dichotomous outcome variable. Logistic regression models are created by 

using historical data to identify the factors that are associated with the event being 

predicted. These factors are then used to create a model that can be used to predict the 

probability of the event occurring in the future. When logistic regression is used in a 

development project, it can be used to predict whether a project will pass or fail. It is 

possible that logistic regression can also be helpful in identifying factors that are 

associated with defects early on before they cause major disruptions to production. When 

used in medical system manufacturing, this Praxis aims to demonstrate that a logistic 

regression predictive model can help to improve system quality and yields by identifying 

components that are associated with non-conforming systems.  

 In his book Applied Logistic Regression (Hosmer, 2013), Hosmer describes two 

primary reasons for using logistic regression to predict a dichotomous outcome. The first 

reason is its mathematical flexibility. The second reason he describes is that the model 

parameters provide the basis for meaningful estimates of effect. For this study, which is 
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based on a medical system, manufacturing systems that pass or fail are defined as 

conformant and non-conformant, respectively. In the article 'Understanding logistic 

regression analysis," Sperandei stated that an advantage of logistic regression is the fact 

that you can use continuous explanatory variables, and it is easier to handle more than 

two explanatory variables simultaneously (Sperandei, 2013). That study shows why 

logistic regression is useful for medical systems that rely on multiple components 

operating properly. 

 

2.5.1 Logistic Regression Predictive Model Application Use 

   There are numerous studies that demonstrate the application of logistic 

regression for the development of predictive models. In recent times, logistic regression 

predictive models have been used quite extensively in healthcare for predicting patient 

illness, response to care, or treatment with a specific therapeutic. In one study, a logistic 

regression predictive model was validated for use in detecting central cervical lymph 

node metastasis in papillary thyroid cancer (Chen, 2020). In another study, a predictive 

model for mortality in methicillin-resistant Staphylococcus aureus bacteremia also 

leveraged logistic regression analysis (Jorgensen, 2019). In another healthcare study, a 

model for predicting type 2 diabetes using logistic regression was developed and 

validated to help classify high-risk individuals and prevent, diagnose, and manage 

diabetes (Joshi, 2021). One final example includes a study of a logistic regression model 

in predicting heart disease among the elderly (Zhang, 2021). All the disease states 

described have numerous independent variables that impact the outcome variable, much 

like a medical system. 
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 The application of logistic regression for the development of predictive models in 

medical system manufacturing has not been discussed in the literature at the time of this 

Praxis. However, studies using logistic regression modeling to predict outcomes of 

complex development projects can be considered applicable to this research. Complex 

development projects are like medical systems in that they both rely on various 

parameters to pass for the project/product to be a success. Complex development project 

parameters that influence the outcome include items such as schedule, technology 

readiness, reliability, and team experience. In a medical system, parameters that can be 

evaluated are similar. They would include parameters such as overall system reliability 

and the precision, reliability, and reproducibility of the subsystems and components. 

 The Adoko (Adoko, 2015) study described in section 2.2 is a good primer on 

predictive model development using logistic regression. In the study, the pass outcome 

for the predictive model was not to incur a cost overrun. The value of the predictive 

model in this study is that it helped develop knowledge on cost overruns experienced by 

complex systems development projects, add data to the ongoing analyses of factors of 

cost growth, and help engineering managers develop successful strategies for the 

acquisition of complex systems within cost and schedule. In the end, the study identified 

schedule and reliability as the key determinants of whether a complex systems 

development project will experience cost overruns or not, but the logistic regression-

based predictive model process is what helped them develop their conclusions. 
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2.5.2 Logistic Regression Parameter Selection 

   The selection of the correct parameters, or variables, used for the development 

of a predictive logistic regression model is important to the model’s ultimate 

effectiveness. The outcome, or dependent, variable that the logistic regression model will 

predict should be significant to the desired outcome measurement. The independent 

parameters, or variables that will be used to predict the dependent variable should be 

selected based on their relevance to the dependent variable and their ability to improve 

the accuracy of the model. Only the most relevant independent parameters should be 

selected for use in the model. The sample size should be large enough to ensure that the 

logistic regression model is statistically reliable without introducing the risk of 

overfitting. The data should be accurate, complete, and free from errors. Overall, the 

development of a predictive logistic regression model requires careful consideration of 

several parameters to ensure that the model is accurate, reliable, and generalizable. 

 The article "Critical Success Factors for the Fuzzy Front End of Innovation in the 

Medical Device Industry" by Richard K. Russell discusses the importance of selecting the 

right parameters for successful innovation projects (Russell, 2008). FFE is the initial 

phase of the innovation process, where ideas are generated, and concepts are developed 

before being further refined and developed into products or services. In the study, they 

identified five factors that would lead to project success. The first involved creating a 

strong innovation culture within the organization. The second was to foster collaboration 

and communication between different departments and teams. The third was to engage 

with customers and stakeholders to better understand their needs and preferences. The 

fourth involved developing a robust intellectual property strategy. The fifth involved 
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building a diverse and cross-functional team. Those parameters would be the ones best 

suited to use during the FFE phase for the development of a predictive model of 

innovation project success. A successful predicted project outcome by this model would 

increase their chances of developing innovative products that meet customer needs and 

bring value to the market. 

 The research paper "A Patient Care Predictive Model Using Logistic Regression" 

proposed a predictive model for patient care using logistic regression (Patel, 2021). The 

model is designed to identify patients who are at risk of developing complications during 

hospitalization. In this study, the authors selected the parameters related to patient data, 

such as age, gender, and medical history, for their model. The authors discussed using 

machine learning methodology to aid in the development of the predictive model for data 

pre-processing, feature selection, and, ultimately, model evaluation. The research 

highlights the importance of early identification of at-risk patients to prevent 

complications, improve outcomes, and reduce healthcare costs. The outcomes of the 

predicted model, with the down-selected parameters, demonstrated that the proposed 

model has high predictive accuracy and can be a useful tool for healthcare providers to 

improve patient care and outcomes.  

 The Adoko (Adoko, 2015) study goes into detail on how to select complex systems 

development project performance factors. In the study, an analysis of data obtained from 

Government Accountability Office (GAO) Assessments of sixty-nine large-scale 

development projects for aerospace and defense systems that met their criteria for the 

research were selected. The outcome measured in the study was the probability of cost 

overrun. The authors used complex project assessment criteria to measure each of the 
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parameters for significance to the outcome. Ultimately, system performance, technology 

readiness level (TRL), reliability, risk, and schedule were the parameters reviewed for the 

model construct, logistic regression, and subsequent model evaluation. 

 

2.5.3 Model Fitting and Evaluation 

   The logistic regression model should be fitted using appropriate statistical 

techniques. The most common technique used is maximum likelihood estimation, but 

studies in literature have demonstrated many techniques. Once the logistic regression 

model is fitted, it should be evaluated using appropriate metrics, such as sensitivity, 

specificity, and accuracy. This helps to determine the effectiveness of the model in 

predicting the dependent parameter. Lastly, the logistic regression model should be 

validated using an independent dataset to assess its effectiveness in new data and to 

ensure that the model is not overfitting to the training data. 

 The Adoko (Adoko, 2015) study describes the method they used to classify their 

selected parameters into binary values of 0 or 1 for model fitment. They essentially 

leveraged data from the U.S. GAO projects and set criteria for the selected parameters 

based on project cost overrun. For example, the parameter TRL scored a one if critical 

technologies achieved TRL 6 maturity by the PDR or before being integrated into 

product/system development. If TRL was not at six before PDR, they scored it 0. To 

ensure the model's generalizability and its ability to provide accurate predictions on new 

datasets, a 10-fold cross-validation technique was utilized. This involved randomly 

dividing the dataset into ten subgroups and testing the model's performance on each of 

them to demonstrate that it was not overfitted. The model was fitted to 90% of the 
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elements in each of the ten subgroups using an iterative approach, where 10% of the data 

was left out in each iteration. After fitting the model, it was tested on the remaining 

holdout data and predicted probabilities of the test observations were generated. 

Sensitivity and specificity tests were carried out to rule out false-negative and false-

positive predictions. The cross-validation prediction values were used to adopt a two-cut-

point decision rule with equally low false-positive and false-negative rates. A statistical 

p-hat concept was employed to support this rule, where the p-hat values were 0.6 and 0.4, 

respectively. The model's predictability accuracy within the described statistical 

boundaries was 62.1% for significant cost overruns and 83.3% for no significant cost 

overruns. The final model output (See Table 1) indicated that the parameters (based on 

coefficient values) for schedule and reliability had the highest impact on decreasing the 

probability of a cost overrun. 

 

 Standard  Wald  
Parameter DF Estimate Error  Chi-Square 

Pr > 
ChiSq 

Intercept 1 0.4454 0.5437 0.6710 0.4127 

T 1 3.1182 1.5518 4.0376 0.0445 

S 1 −2.6413 0.7307 13.0669 0.0003 
Re 1 −1.3014 0.6514 3.9921 0.0457 

T*P 1 −2.2134 1.4400 2.3626 0.1243 
    

  

 Model fitting in the Adoko study was performed by manual calculations, but some 

newer studies leverage machine learning to slim down and validate the parameters 

selected, perform the fitting, and eventually evaluate effectiveness. The Patel study 

previously referenced also described the logistic regression machine learning methods 

Table 1. Adoko Final Model Output. 
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they employed. In the study, they ended up with ten total parameters, where nine were 

numerical, and 1 was a categorical feature. The parameters were based on medical 

measurements, with the categorical value being patient sex. After initially fitting the 

model and evaluating its effectiveness using machine learning, the authors pivoted to a 

method called Stacking Classifier to improve its accuracy. Research does indicate that 

using a Stacking Classifier technique has the potential to improve model accuracy (King, 

2015). They evaluated the effectiveness of the model’s prediction power by determining 

the accuracy, recall, and f1-score on the test data. The results of the study showed that the 

logistic regression gives nearly 75% accuracy, 73% recall, and 73% f1-score on the test 

data. The author considered the results acceptable and considered the study fulfilled. 

 

2.6 Summary and Conclusion 

Medical system manufacturers use a variety of methods to minimize the risk of 

producing non-conforming systems. These methods focus on parameters that allow 

Engineering Managers to decide whether the medical system is ready to exit design 

transfer and start the next stage of manufacturing. Recent literature demonstrates that 

attempts to develop predictive models to determine the probability of successful 

outcomes in complex development projects are a valid pathway to explore in medical 

system design transfer. While the studies reviewed focused on overall project success as 

the outcome, the methods used to develop those models can be applied to the 

development of predictive models for medical systems. Medical systems are complex 

devices that are like complex development projects in other disciplines. A logistic 

regression method appears to have the best suitability for use in predictive model 
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development efforts within a medical system NPD project. This study proposes the 

development of a predictive model using an exemplary medical system. In the following 

section of this Praxis study, the development of the predictive model will be discussed in 

more detail.    
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Chapter 3—Methodology 

 

3.1 Introduction 

This chapter outlines the methodology utilized for this Praxis to achieve the 

research objectives described in section 1.5 of Chapter 1. This Praxis used a mixed 

methodology that included manual reviews of documentation, semi-automated raw data 

merging and cleanup, and software-based logistic regression analysis. The data output 

from the logistic regression analysis is used to formulate the predictive model for 

determining the probability of producing non-conforming medical systems. The 

methodology workflow is diagramed in Figure 4 below. 

 This chapter is divided into ten sections. The second section explains the process 

for manually reviewing existing medical system manufacturing control system 

documentation for the purpose of identifying candidate manufacturing control parameters 

for use in the predictive model. Section three details the methodology used to merge and 

clean data from log files generated by control system testers. In section four, a description 

is provided for the method used for determining the applicability and significance of the 

down-selected control parameters and their respective relationship to the outcome. 

Section five describes the development of the initial predictive model. In section six, the 

method for validating the predictive model with test data is described. Section seven 

describes the methodology used to measure the accuracy of the predictive model. Section 

eight describes optimizations that were made to the predive model based on the testing of 

the initial predictive model with the test data. Section nine details the final predictive 
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model for determining the probability of producing a non-conforming medical system as 

described in this Praxis study. Section ten summarizes the methodology chapter. 

1. Review Control System 
Documentation 

Review documentation for 
identification of components 

with process controls
Document Review

2. Merge and Clean Test 
Data

Merge component and 
data files. Review data for 
validity and uniqueness. 

Python Data Processing

3. Control Parameters and 
Assessment Criteria

Establish relationship between 
control system parameters and 

their respective assessment 
criteria

Data Analysis

4. Develop Initial 
Predictive Model

Model logit 
expression 
derivation
Logistic 

Regression

5.Validate Model and 
Determine Accuracy

Apply model on holdout 
test data to determine 

fit and accuracy

Tester A Tester B Tester C

Initial Predicative 
Model

6. Output Optimized 
Predictive Model
Optimize model, if 

needed, based on fit 
and accuracy

Logistic Regression

Final Predictive 
Model

Tester D

Model Optimization

Tester E

 

Figure 4. Research Methodology Workflow Diagram 

 

3.2 Technical Review of Existing Control System Parameters 

 During the new product development phase, System Engineers were responsible for 

drafting control system documentation, which was transferred to manufacturing during 

the design transfer phase. The Systems Engineers will also typically create a system 

block diagram, such as Figure 5 (USA Patent No. US 2019/0346364 A1, 2017) below, 

which diagrams the relationships between the components, subassemblies, and the system 

overall. The control system documentation contains the specifications and detailed 
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requirements of the medical system that manufacturing uses for component, subassembly, 

and final system release testing. The information from these documents is used to 

develop manufacturing test stations in manufacturing. The system block diagrams and 

control system documentation are useful when analyzing a system to identify critical 

parameters for use in a predictive model. 

 While the system block diagram and control system documentation are the right 

sources of information to identify critical parameters for use in a predictive model of a 

medical system, an understanding of how the system performs its analysis (test) of patient 

samples is also required. In 

medical systems that perform in-

vitro diagnostics tests, such as the 

one in Praxis, a patient liquid 

sample is combined with various 

reagents in a special reaction 

cuvette, tube, or cartridge. The 

medical system then executes a 

series of process steps required to 

enable the biochemistry for 

measurement of the target analyte. 

Those process steps are usually 

scripted in a software script for 

execution. Those software scripts 

contain critical-to-function 
Figure 5. System Block Diagram 



32 
 

settings for the hardware and electronics. The medical system's lower-level firmware then 

executes the software script commands to enable the required function. The Praxis 

medical system's key subassemblies and functions include heaters, optics, motors, and 

photodetectors(photodiodes). The overall critical-to-function requirements are set by the 

development scientist and engineers and should be captured in the control system 

documents. 

 Five control system documents were created for the medical system used in this 

Praxis study. The first two documents are for system-level tests. They include the Tester 

A (Closed System) Control specification document, which details testing and passing 

criteria used for the final assembled system before it is released for use in clinical 

settings. The Tester B (Open System) Control System specification document details 

testing and passing requirements for subassemblies of the system. The final three control 

system documents are for subassembly and include testing and passing criteria for the 

components and subassembly. These include Tester C (main electrical board), Tester D 

(heater subassembly), and Tester E (optical subassembly). These documents will be 

reviewed for information that is useful for parameter selection for the predictive model. 

  

3.2.1 Tester A (Closed System) Control System Parameters 

   Tester A is used to evaluate the closed, or final product, medical system. The 

closed system test is the final test that is performed prior to distribution to healthcare 

providers. The Tester A control system document contains numerous requirements, but 

for purposes of a predictive model, only those that could impact results will be included 

in the initial analysis. Tester A includes running a liquid control test that mimics the 
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analyte the medical systems measures. That liquid control test output measurement is key 

to the development of the predictive model and will be beneficial to understanding the 

significance of individual control parameters of other components and subassemblies. 

The output of the review of this control system documentation will be a set of potential 

Control System Parameters (CSP).  

   

3.2.2 Tester B (Open System) Control System Parameters 

  Tester B is used to evaluate the system subassemblies of the system of the 

medical system. The term open system test comes from it being a mostly fully assembled 

product. It typically just lacks the outer system covers. The major subassemblies and 

components of the Praxis medical system are described in Figure 5. Most of the tests in 

Tester B involved system software discoverability of subassemblies. The output of the 

review of this control system documentation will be a set of potential CSPs. 

 

3.2.3 Tester C (Main Electrical Board) Control System Parameters 

   Tester C is used to evaluate the main electrical board (main board) 

subassembly of the medical system. The main board subassembly provides the central 

processing unit, power distribution, motion control, external communication, and data 

acquisition center for the medical system. The major components of the main board 

subassembly are shown in Figure 5 and are labeled main processor (68), power driver 

(104), analog to digital converter (84), and sample/reference photodetector (92/94). The 

output of the review of this control system documentation will be a set of potential CSPs.  
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3.2.4 Tester D (Heater Subassembly) Control System Parameters 

   Tester D is used to evaluate the heater subassembly of the medical system. 

The heater subassembly generates heat that to ensure that the biochemistry is performed 

under controlled temperature conditions. The major components of the heater 

subassembly are seen in Figure 5 and are labeled heater driver (78), plate thermistors 

(80a/80b), plate heater (82a/82b), and cartridge holder. The Tester D control parameters 

critical-to-function may include the heater plate and ground shield resistance (ohms). The 

output of the review of this control system documentation will be a set of potential CSPs. 

 

3.2.5 Tester E (Optics Subassembly) Control System Parameters 

   Tester E is used to evaluate the optics subassembly of the medical system. The 

optics subassembly generates a light source that is used to measure the analyte of interest 

for the medical system. The major components of the optics subassembly are seen in 

Figure 5 and labeled light sources (90), light driver (96), sample light (108), and 

reference light (110). The output of the review of this control system documentation will 

be a set of potential CSPs.  

 

3.2.6 Summary of Down-Selected Control Parameters 

  The candidate control system parameters will be summarized as an output 

(Similar to Table 2 below) and be labeled as CSPx, where x indicates an incremental 

number. The CSPs will be assigned scoring criteria and then evaluated for use in the 

predictive model based on logistic regression methodology. In section 3.4, the scoring 
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criteria methodology will be described for each CSP type so that a fit assessment for 

significance can be performed. 

 

Tester A Tester B Tester C Tester D Tester E 

1) Predictive 

factor 1 (CSP1) 

3) 

Predictive 

factor 3 

(CSP3) 

4) Predictive 

factor 4 

(CSP4) 

6) Predictive 

factor 6 

(CSP6) 

8) Predictive 

factor 8 

(CSP8) 

2) Predictive 

factor 2 

(CSP2) 

5) Predictive 

factor 5 

(CSP5) 

7) Predictive 

factor 7 

(CSP7) 

9) Predictive 

factor 9 

(CSP9) 
Table 2. Example of Control System Parameter Summary 

 

3.3 Data Merger and Cleanup 

 The manufacturing data from the tester stations is collected by the manufacturing 

engineers. There are procedures in place for the tester stations that result in data 

generation. The data is then stored in a manufacturing database specific to the medical 

system being manufactured. In this Praxis, both Excel and Python were used for data 

merger and cleanup. The following three sections describe the methods used to merge 

and clean up the data. 

 

3.3.1 Manufacturing Control System Tester Data Retrieval 

   The data that will be exported from the manufacturing database will be 

comma-separated values (CSV) files. CSV files can be analyzed using tools such as 

Microsoft Excel and Notepad or a general-purpose programming language such as 

Python. A file is collected for each tester for each day that systems or subassemblies are 
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tested. Each tester log file is date and time-stamped and includes the serial numbers of all 

tested systems or subassemblies. Once exported from the manufacturing database, the 

files are placed on network drives for storage. The files will be retrieved from the 

networked storage devices via file transfer protocol. Python code will be executed using 

JupyterLab © v3.3.2 (Project Jupyter Contributors, 2023) via the Anaconda.Navigator © 

v 2.5.0 (Anaconda Inc., 2023) for file manipulation.  

 

3.3.2 Control System Data Merger 

   As the manufacturing test stations produce daily log files, the first process 

step required will be to merge the daily log files into one cumulative log file for each 

tester station. For this process, Python code will be scripted that utilizes the pandas 

(NumFOCUS, Inc. , 2023) Python library (see Appendix A: Representative CSV File 

Merge Python Code). The Pandas Python library is an open-source data analysis and 

manipulation tool. Microsoft Excel was also used to manually visualize and inspect the 

merged file, but as the datasets were quite large, Python code was also developed to 

visualize the integrity of the data files. For the Python-based visualization of the merged 

files, the matplotlib and seaborn Python libraries were used as described in the Test Data 

Cleanup section (3.3.3) below.  

 

3.3.3 Test Data Cleanup 

   Using the developed code for data visualization of the merged files, a heatmap 

of the merged files was created to look for blank or null values (see Appendix B: 

Representative CSV File Data Visualization Python Code). Blanks and non-unique rows 
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will be deleted. A secondary manual step was performed to remove rows that did not 

have valid subsystem serial numbers. Finally, the subsystem assembly serial numbers 

will be associated with completed system serial numbers in a consolidated database file. 

That file will ultimately be used to perform the data analysis of the test candidate 

parameters. 

 

3.4 Selection of Parameters for the Predictive Model  

 In section 3.2, the process for identifying potential parameters for the logistic 

regression-based predictive model was described as an output of the review of the control 

system documentation of the Test Stations. In this section, a description is provided for 

the methods used for converting the control system parameters for use in the logistic 

regression predictive model. 

 

3.4.1 Predicative Model Dependent Variable 

A tutorial on learning logistic regression stated very bluntly that the first 

step in the development of a logistic regression model is identifying the dependent 

variable (Antônio Alves Tôrres Fernandes, 2020). The Liquid Control Test (LCT) 

described in section 3.2.1 is the final test performed on a manufactured system and is 

used to determine whether the medical system is conformant or non-conformant. The 

liquid control used for this test is a non-biohazardous biosimilar. A biosimilar is a 

synthetic chemical molecule that behaves like a biological molecule of interest. For this 

medical system, the biosimilar mimics a glycated hemoglobin protein. This test control 

parameter will serve as the dichotomous dependent variable for the predictive model. The 
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LCT is assigned a target value with a measurement bias (tolerance) range (± 6%) by the 

Research & Development (R&D) team. In this context, bias refers to the error of the 

system when generating the data based on a known target value. If the system LCT 

results are within the expected range, then the system is considered conformant (passing) 

and is released for distribution. If the LCT is not within range, it is sent back for rework 

or scrap. As the LCT produces continuous data, it is necessary to create a medical system 

non-conformance dummy variable (MSNC) to store a dichotomous value based on set 

scoring criteria for converting the results into a 0 or 1. First, the bias of the test system 

measurement must be calculated (See Equation 1, 𝐿𝐿𝐿𝐿𝐿𝐿𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵). 

𝐿𝐿𝐿𝐿𝐿𝐿𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵 = (𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀 − 𝐸𝐸𝐸𝐸𝑅𝑅𝑅𝑅)/𝐸𝐸𝐸𝐸𝑅𝑅𝑅𝑅    

Equation 1 

This is accomplished by taking the LCT measured value (MVMS) of the medical system 

undergoing final testing minus the expected LCT value (EVRD) from R&D, then dividing 

it by the EVRD. The scoring algorithm for MSNC is then set based on the LCT control 

system parameter test tolerance. If 𝐿𝐿𝐿𝐿𝐿𝐿𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵 ≤ 6%, then the MSNC=0. If 𝐿𝐿𝐿𝐿𝐿𝐿𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵 > 6% then 

MSNC =1. For this, Praxis MSNC =1 would indicate the system is non-conformant, and it 

has failed release testing. A result of MSNC=0 would indicate that the system is 

conformant and fit for distribution. 

 

3.4.2 Predictive Model Independent Variables 

   The independent variables for the predictive model will be derived from the 

review of the control system testing performed and be labeled Control System Parameters 
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(CSPx). The data values for those parameters will fall into two categories. Most of the 

control system parameter data will be continuous integers and can be used as is. A few 

control system parameters that yield simple pass/fail results will be scored using a binary 

scale of 0 or 1. This binary, or dichotomous, outcome scenario is used in logistic 

regression as it is useful when examining multivariate relationships (Adoko, 2015). 

Consistent with the scoring set for the dependent variable, a score of 0 was selected to 

represent that the system test item meets or passes the expected criteria. A score of 1 will 

represent that the system test item does not meet or has failed the expected criteria. 

 

3.4.3 Assessment of control parameter impact on model outcome 

   As mentioned in the previous section, the dependent variable for the model, 

MSNC, is based on the LCT control system parameter. An initial analysis of 100 LCT data 

points with the associated scoring criteria (shown in Figure 6) indicates a separation in 

the population of medical systems. The candidate independent variables will be assessed 

for impact on the model against the MSNC. The method used in this Praxis will involve 

evaluating the Wald test value and 

p-score for each parameter. A Wald 

test value can be used to test the 

significance of individual 

coefficients in a logistic regression 

model. The Wald test value 

indicates how many standard 

deviations the estimated 
Figure 6. Preliminary LCT Data View 
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coefficients are away from zero on a standard normal curve and are considered 

significant if the p-value is less than 0.05 (Pampel, 2021). A pseudo R2 value is used in 

logistic regression as an estimate of parameter function (Tjur, 209), which indicates how 

well the model can be fit. The pseudo-R2 value and p-score will be generated by the code 

output as a value for use during the individual parameter assessment (See Figure 7). 

 The independent control system parameters will be generated using Python code. The 

code is based on a paper by Lavin (Lavin, 2022) as well as a web document written by 

Mirko Stojiljković (Stojiljković, 2021). The code (See Appendix C: Control System 

Parameter Logistic Regression Python Code) will output the Wald test value, Pseudo R2 

value, and p-score for each of the independent variables. 

 

3.5 Initial Predictive Model Development 

 The initial predictive model will be based on an original equation (Equation 2) 

generated with data from the analysis. The equation is based on a standard multiple-

variable logistic regression function for predicting a binary response. 

 

𝑃𝑃(𝑀𝑀𝑀𝑀𝑁𝑁𝑁𝑁) =
𝑒𝑒𝛽𝛽𝜃𝜃+ 𝛽𝛽1𝑆𝑆𝑆𝑆𝑆𝑆1+𝛽𝛽2𝑆𝑆𝑆𝑆𝑆𝑆2+⋯+𝛽𝛽𝑥𝑥𝑆𝑆𝑆𝑆𝑆𝑆𝑥𝑥 

1 + 𝑒𝑒𝛽𝛽𝜃𝜃+ 𝛽𝛽1𝑆𝑆𝑆𝑆𝑆𝑆1+𝛽𝛽2𝑆𝑆𝑆𝑆𝑆𝑆2+⋯+𝛽𝛽𝑥𝑥𝑆𝑆𝑆𝑆𝑆𝑆𝑥𝑥 
 

Equation 2 

 

 Equation 2 can be generalized (Gareth James, 2023) as follows (Equation 3): 

 

𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙 𝑃𝑃(𝑀𝑀𝑀𝑀𝑁𝑁𝑁𝑁) =  𝛽𝛽𝜃𝜃 + 𝛽𝛽1𝐶𝐶𝐶𝐶𝐶𝐶1 + 𝛽𝛽2𝐶𝐶𝐶𝐶𝐶𝐶2 +⋯+ 𝛽𝛽𝑥𝑥𝐶𝐶𝐶𝐶𝐶𝐶𝑥𝑥 

Equation 3 
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Where the non-conformance 𝑃𝑃(𝑀𝑀𝑀𝑀𝑁𝑁𝑁𝑁) response is called the log odds, or logit, and is 

expressed as 𝑃𝑃(𝑀𝑀𝑀𝑀𝑁𝑁𝑁𝑁) => 𝐿𝐿𝐿𝐿𝐿𝐿 � 𝑃𝑃(𝑀𝑀𝑀𝑀𝑁𝑁𝑁𝑁)
1−𝑃𝑃(𝑀𝑀𝑀𝑀𝑁𝑁𝑁𝑁)

�. The rest of the terms in the equation are: 

𝛽𝛽𝜃𝜃 = intercept 

𝛽𝛽𝑥𝑥 = Regression Coefficient of the System Control Parameters 

𝑆𝑆𝑆𝑆𝑆𝑆𝑥𝑥= System Control Parameter Predictor 

  The values for the equation will be generated using the Python code used for the 

analysis of the independent variables, as described in the following sections.  

 

3.5.1 Initial Predictive Model Values 

   The initial model values will be generated using the Python code (See 

Appendix C: Control System Parameter Logistic Regression Python Code). The code 

leverages the Python statsmodels (Seabold, 2010) module which provides classes and 

functions for the estimation of many different statistical models, as well as for conducting 

statistical tests, and statistical data exploration. The Python code generated will also use 

the matplotlib and seaborn Python libraries for the visualization of results. The 

coefficients of the predictive model are generated by the summary function of 

statsmodels. Once the dependent and independent variables are coded into the script, a 

fitting routine can be executed to validate the model's statistical fit. A summary routine is 

then called, which displays the logistic regression results (see Figure 7). 

 The key values in the results shown in Figure 7 for analysis are the coef, Log-

Likelihood, LL-Null, Pseuedo-R-Squ, and LLR p-value. The coef value represents the 

coefficients of the independent variables in the regression equation. The Log-Likelihood 
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value is the natural logarithm of the Maximum Likelihood Estimation function that 

optimizes the process of finding the set of parameters that result in the best fit. The LL-

Null value is the log-likelihood of the model when no independent variable is included 

(only an intercept is included). The Pseudo R-squ.is a substitute for the R- 

 

 

squared value in Least Squares linear regression. It is the ratio of the log-likelihood of the 

null model to that of the full model, like McFadden's R2 Value. The values generated 

from executing the code with the training data will serve as the initial predictive model 

parameters as demonstrated in logit expression Equation 4 below. 

 

𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙 𝑃𝑃(𝑀𝑀𝑀𝑀𝑁𝑁𝑁𝑁) =  −0.9895 + (−.01)𝐶𝐶𝐶𝐶𝐶𝐶1 + (−13.39)𝐶𝐶𝐶𝐶𝐶𝐶2 + 4.85𝐶𝐶𝐶𝐶𝐶𝐶3 + ⋯+ 𝛽𝛽𝑥𝑥𝐶𝐶𝐶𝐶𝐶𝐶𝑥𝑥 

Equation 4 

 

 

Figure 7. Logistic Regression Results from Python Code 
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3.6 Determination of Predictive Model Precision and Accuracy 

 To determine the proposed model's accuracy, holdout data from 150 systems will be 

used to predict an outcome. The statsmodels predict function is used for performing 

predictions. The predictions obtained are fractional values (between 0 and 1), which 

denote the probability of getting admitted. The threshold of classification will be set at 

0.5 for all analyses performed. These values are hence rounded to obtain the discrete 

values of 1 or 0. Linear values can also be provided by changing the linear parameter of 

the predicted function to true. Once predicted results are generated, the precision and 

accuracy of the model can be determined. The precision values and confusion matrix are 

generated by leveraging 

the Python scikit-learn 

(Pedregosa, 2011) 

library. The sklearn 

function is used to 

compute the confusion 

matrix to evaluate the 

accuracy of the 

classification. An example of the precision values and confusion matrix output generated 

from the data in Figure 7 is shown below (see Figure 8). A final test will be performed 

with the entire dataset as well.  

 

 

Figure 8. Precision and Accuracy Code Data Output 
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3.7 Optimization of Predictive Model 

 The optimization of the model will be performed by analyzing the attributes of the 

proposed model's independent values. Those attributes include the Wald Test value and 

p-score value. Model parameters with non-significant values (defined as <|2|) or p-scores 

above 0.05 will be eliminated. The modeling process will be repeated, and the precision 

and accuracy will then be recalculated to check for improvements. Additional 

optimization tests performed will be to adjust the LCT measurement bias (tolerance) 

acceptance range from ± 6%, to ± 4% and ± 2%. 

 

3.8 Proposed Predictive Model 

 The proposed predictive model will be the final output of the optimization effort. The 

model with the highest accuracy with the holdout data will be proposed as the final 

predictive model for the Praxis medical system for predicting non-conformance. It will be 

output in the simplified logit expression format like what is shown in equation 5. 

 

 𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙 𝑃𝑃(𝑀𝑀𝑀𝑀𝑁𝑁𝑁𝑁) =  −0.9895 + (−.01)𝐶𝐶𝐶𝐶𝐶𝐶1 + (−13.39)𝐶𝐶𝐶𝐶𝐶𝐶2 + 4.85𝐶𝐶𝐶𝐶𝐶𝐶3 + ⋯+ 𝛽𝛽𝑥𝑥𝐶𝐶𝐶𝐶𝐶𝐶𝑥𝑥 

Equation 5 

3.9 Summary 

 This chapter summarized the methodology used to analyze the data from the 

manufacturing test stations and develop the predictive model for determining the 

probability of producing non-conforming medical systems. The data cleanup was 

performed with Python scripts and manual manipulation in Microsoft Excel. The 

predictive model will be created using various Python libraries with the training data and 
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then evaluated with test holdout data. The results will be evaluated to validate the 

model’s ability to predict if a manufactured medical system will be conformant. The 

results of these tests are discussed in Chapter 4.  
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Chapter 4—Results 

 

4.1 Introduction 

The primary objective of this chapter is to describe the results of the research and 

data analysis for this Praxis. The results will be used to evaluate the Praxis hypotheses of 

the utility of a predictive model for use in medical system manufacturing. The chapter 

shows the results of the creation of the predictive model based on the application of the 

methodology described in Chapter 3. The first steps in the research phase involved a 

technical review of control system documentation to identify the dependent variable and 

potential independent variables that could be used as predictive factors. In this Praxis, the 

independent variables were termed control system parameters (CSP). This was followed 

by importing, merging, and cleaning of raw data from the manufacturing control systems. 

The data was used to produce the Praxis master dataset with the selected CSPs for use in 

the predictive model. Logistic regression was then used to analyze the CSPs for 

significance to the predictive model. The initial model was developed with the current 

pass/fail criteria of the LCT dependent variable. Optimization of the model was 

performed by tightening the pass/fail criteria of the LCT and eliminating some CSPs. The 

chapter concludes by summarizing the association of research and data analysis 

performed in the Praxis to the research questions and hypothesis. 
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4.2 Results of Control System Documentation and Test Data Technical Review 

Praxis Hypothesis 1 involved performing an analysis of manufacturing 

component test data to see if the identification of test parameters that significantly affect 

system functionality was possible. The hypothesis was stated as follows: 

H1: Analysis of the manufacturing component test results will help identify which 

ones significantly affect system functionality. 

The medical system manufacturing test data and documentation analyzed for the 

Praxis were from the five control systems described in section 3.2. A simplified view of 

the system block diagram 

(see Figure 5) highlighting 

the five control test systems 

is provided in Figure 9. The 

control system 

documentation describes all 

the testing performed, as well 

as the acceptance tolerance 

for each test. The 

documentation, however, does not necessarily describe why particular tests were 

performed or their impact on the system's overall function. For justification of the overall 

impact on the system, the control system documentation referred to a separate report that 

describes the allowable error budget for the system as a whole.  

Figure 9. Simplified Control Tester View 
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The error budget report documents the principal error sources of the medical 

system. The report identifies the primary performance criteria that are required by the test 

being performed by the medical system. Since the model will be based on predicting the 

non-conformance of the system performing HbA1c tests, only the performance criteria 

for that test were used. The medical system automatically measures and calculates 

HbA1c using an inhibition of latex agglutination assay (see Figure 10). This is 

accomplished by mixing a patient 

sample with reagents in a test 

consumable and then taking 

measurements of absorbance at 531 nm 

using the optical system. In summary, 

the error report indicates that the main 

buckets of error sources for the HbA1c 

test on the system come from the 

thermal stability of the reaction during the test, the optical system, the mixing of samples, 

and use errors (See Table 3). Using the information from the error report and control 

system tester documentation, it was possible to create an association of the error types 

and their associated system components or assembly and respective control test stations. 

 

 

 

 

Figure 10. Medical System Assay Principle 
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ERROR TYPE SYSTEM ASSEMBLY/COMPONENT CONTROL 

SYSTEM TESTER 

MIXING Main Electrical Board Tester B/C 

OPTICAL Optical Subassembly Tester A/B/E 

TEMPERATURE Heater Subassembly Tester B/D 

USE ERROR Fully Assembled (closed) System Tester A 

Table 3. Summary of Main System Error Types 

 

4.2.1 Predictive Model Parameter Selection 

   With the knowledge of the error types that impact the dependent variable (see 

3.4.1), the control system documentation for each tester and data were reviewed with the 

aim of identifying predictive factors for use in the predictive model. The specifics of the 

acceptance criteria are considered proprietary. Since we are looking at measurement 

errors from setpoints, the values used for the Praxis dataset are the absolute error away 

from the specified setpoints. 

 

4.2.1.1 Tester A Candidate Predictive Factors 

   Manufacturing engineers perform the final factory acceptance test of the 

medical system on Tester A. This tester outputs the LCT data, which will be used as the 

dependent variable. Tester A performs 60 tests of the systems for which data is collected. 

The critical-to-function parameters for Tester A, which are associated with error types 

discussed in Table 3, include the digital to analog (DAC) counts for the light sources, the 

air blank optical test, and the liquid control run. The test parameter requirements are 

outlined in Table 4. 
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Tester A Candidate 

Control System 

Parameter 

Requirement Test Criteria 

Light source DAC 

counts 

Review the log output for the test 

data for the light source test DAC 

value. 

DAC value between 

stated specifications 

Air Blank Optical 

Precision Test 

Perform air blank tests per 

procedures and measure the mean 

of sample and reference lights. 

Precision between 

the sample and 

reference light ± 

specified range 

Human Testing Error Tester successfully completes the 

LCT analytical testing without use 

error  

Criteria on the left is 

not met 

Liquid Control Test Detect catastrophic defects within 

the finished device by running a 

liquid control test. 

+/- 6% of target 

analyte value 

provided 

Table 4. Tester A Candidate Control System Parameters 

 

4.2.1.2 Tester B Candidate Predictive Factors 

   The review of the control system document for the open system did not yield 

parameters that could be used for a predictive model. Tester B performs 40 independent 

tests. Most of the tests in Tester B involved system software discoverability of 

subassemblies or were repeats of tests performed in other testers at the subassembly level. 

No CSPs from tester B will be used as predictive factors. 
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4.2.1.3 Tester C Candidate Predictive Factors 

   Tester C performs 110 individual tests of electrical components on the main 

electrical board. Most of the tests deal with the inspection of individual electrical 

components. For this study, only the specific components that directly impacted the LCT 

results were considered. The critical-to-function parameters for Tester C, which are 

associated with error types discussed in Table 3, include the internal light source power 

voltage (i.e., 5V) test, the light source color test, the motor voltage (i.e., 24V) test, the 

board thermistor test. The test parameter requirements are outlined in Table 5. 

 

Tester C 

Candidate Control 

System Parameter 

Requirement Test Criteria 

Internal Power 

Voltage 

Check the signal voltage after board 

bootup at test point against test 

criteria. 

± specified V from 

setpoint 

Motor Power 

Voltage 

Check the signal voltage after board 

bootup at test point against test 

criteria. 

± specified V from 

setpoint 

Light Source Color 

Test 

Check the light source visually Visually inspect for 

correct color 

Table 5. Tester C Candidate Control System Parameters 

 

4.2.1.4 Tester D Candidate Predictive Factors 

   Tester D performs 90 individual tests on the heater subassembly. For this 

study, only the specific components that directly impacted the LCT results were 

considered. The critical-to-function parameters for Tester D, which are associated with 
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error types discussed in Table 3, include the thermistor accuracy test, thermistor response 

time, and heat transfer time. Note that at the time of this study, the heat transfer time test 

is for informational purposes only. However, the data appears to be important to test 

function and will be evaluated as a potential model parameter. The test parameter 

requirements are outlined in Table 6. 

 

Tester D Candidate Control 

System Parameters 

Requirement Test Criteria 

Heater Plate Resistance Measure resistance and test 

continuity of heater coils 

Set point ± 

specified ohms 

Ground Shield Resistance Measure resistance and test 

continuity of heater plate and 

shared ground 

< specified ohms 

Thermistor Accuracy Determine thermistor accuracy 

and temperature gradient when 

fixture stabilize at 34°C. 

± stated °C from 

setpoint 

Thermistor Response Time Measure response time of the 

left and right thermistors 

Response time < 

specified sec 

Heat Transfer Time Calculate rate of temperature rise 

for each thermistor 

Data is collected. 

No Pass or fail 

criteria. 

Table 6. Tester D Candidate Control System Candidate Parameters 

 

4.2.1.5 Tester E Candidate Predictive Factors 

   Tester E performs 115 individual tests on the optical subassembly. For this 

study, only the specific components that directly impacted the LCT results were 

considered. The critical-to-function parameters for Tester E, which are associated with 

error types discussed in Table 3, include the measured centroid of the light wavelength 
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used by the system, the variance of the light wavelengths centroids measured, and the 

amount of constant power used to drive the light source. The test parameter requirements 

are outlined in Table 7. 

 

Tester E Candidate 

Control System Parameter 

Requirement Test 

Criteria 

Sample and Reference Light 

Wavelength Centroid 

The Standard Deviation of calculated 

centroids for the reference light 

centroid shall less than or equal to test 

criteria 

+/- stated 

nm 

Light Source Power Voltage The drive circuit that maintains the 

desired drive voltage to within test 

criteria 

± stated V 

from 

setpoint 

Table 7. Tester E Candidate Control Parameter Candidates 

 

4.2.2 Summary of Candidate Predictive Factors 

   The review of control system documentation and corresponding 

manufacturing datasets yielded 13 candidate control system parameters, which were 

identified for potential use as predictive factors. The CSPs are summarized in Table 8. 

These results confirm hypothesis 1 as valid. The next significant result is the initial 

predictive formula based on the CSPs selected, but first, raw manufacturing data needed 

to be imported, merged, and cleaned prior to analysis. 
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Candidate Control System 

Parameter 

Current Acceptance 

Criteria 

Data Type 

Light source DAC counts 

(CSP1) 

DAC value between stated 

specifications 

Continuous 

Internal Power Voltage 

(CSP3) 

± specified V from setpoint Continuous 

Motor Power Voltage (CSP4) ± specified V from setpoint Continuous 

Heater Plate Resistance 

(CSP6) 

± specified ohm from setpoint Continuous 

Ground Shield Resistance 

(CSP7) 

< stated ohms Continuous 

Thermistor Accuracy (CSP8) ± stated °C from setpoint Continuous 

Thermistor Response Time 

(CSP9) 

Response time < stated s Continuous 

Heat Transfer Time (CSP10) ± stated sec from setpoint Continuous 

Sample and Reference Light 

Wavelength Centroid (CSP11) 

± stated nm Continuous 

Light Source Power Voltage 

(CSP12) 

± stated V from setpoint Continuous 

Candidate Control System 

Parameter 

Test Criteria Data Type 

Air Blank Optical Precision 

Test (CSP2) 

Precision of ± check between 

the sample and reference light 

Dichotomous (0|1) 

Light Source Color Test 

(CSP5) 

Visually inspect for correct 

color 

Dichotomous (0|1) 

Human Testing Error (CSP13) Tester successfully completes 

analytical testing without use 

error  

Dichotomous (0|1) 

Table 8. Candidate Control System Parameters 
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4.3 Data Merger and Cleaning 

 Once the manufacturing test files were imported from the storage server, they 

were placed on a local drive for merging with Python scripts. A file is generated for each 

day of testing on each respective tester. Multiple individual components and or 

subassemblies were listed on each record. Manufacturing records were reviewed for the 

period of one year after the design transfer event occurred related to this medical device’s 

NPD program. A summary of the number of files is provided in Table 9.  

 

Tester A C D E 

Daily Records 46 134 337 73 
Table 9. Summary of Manufacturing Test Records 

 

The files for each tester were merged using the Python script described in 3.2.2 

into one summary CSV file for cleanup. The manufacturing records needed a fair amount 

of cleanup (See Table 10) before the data could be used for the predictive model. Records 

of tester test runs, defective components/subassemblies, runs with no LCT data, and 

duplicate runs were removed from the final data set. Only records of passed components 

or subassemblies which could be used in a final system were kept.  
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Tester A C D E 

Individual Records 4300 8127 11619 1415 

Passed Records 2306 2430 2659 1185 

Unique Records 650 1387 2007 1185 

Table 10. Summary of individual data files. 

  

Using the Device Master Record (DMR) for each system, it is possible to 

determine which component, and or subassembly, went into a final assembled medical 

system. Prior to performing the final merger of the assembled system to the subsystem 

master dataset, the individual files were visually inspected for data omissions using a 

Python script. There were a very small number of blank cells, which did not impact the 

overall analysis. The omissions were ignored, and the data was analyzed with the blank 

cells.  

 A final data set of 645 medical systems was assembled from the data merger and 

cleanup for use in this Praxis. The first 495 records of the dataset will be used for training 

the predictive model, and the final 150 systems manufactured will be used as a holdout 

data set for validating the model.  

 

4.4 Initial Model Results with Selected Predictive Factors 

Praxis Hypothesis 2 involved the development of a predictive model using 

logistic regression from the dataset generated from the manufactured medical systems. 

The hypothesis was stated as follows: 
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H2: A predictive model using logistic regression will identify non-conforming 

Medical Systems in manufacturing. 

Prior to executing the predictive model training code, the merged datasets were 

visually inspected using built-in commands from the Seaborn Python library. First, a 

query was run to visualize the 

number of non-conformant medical 

systems in the training and 

validation data set. A total of 43 

systems failed final acceptance 

testing and were considered non-

conformant in the training data set 

(See Figure 11). A total of 6 

systems failed final acceptance 

testing and were considered non-

conformant in the validation set 

(See Figure 12). A follow-on pairs 

plot query was run to visualize the 

CSP variables in the dataset (See 

Figure 13). Pairs plots visualize 

the distribution of individual 

variables and the relationships between two variables in a dataset. This view is only for 

informative purposes, but it did highlight that predictive factors CSP2 and CSP5 were not 

informative, as all the values for this parameter were 0. Finally, the dataset column 

Figure 12. Non-Conformant Medical Systems in 
Validation Data 

Figure 11. Non-Conformant Medical Systems in Training Data 
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properties were also inspected utilizing the pandas.info command. All object datatypes 

were valid for use in a predictive model fitting routine.  

 

The logistic regression Python code utilizing the stats models Python library 

described in section 3.51 was executed to generate the initial model and corresponding 

predictive factor coefficients. The results of the initial model fit are shown in Table 11. 

The code stated that the optimization terminated successfully with a current function 

value equal to 0.0625. The current function value is equivalent to the loss function, which 

is a measure of how well your model can predict the dependent variable based on the 

Figure 13. Visual Data View of CSP Variables 
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predictive factors used to fit the model. It is similar in concept to the value of R-squared 

in linear regression. It took eleven iterations to complete the modeling. 

 

Logit Regression Results 

Dep. Variable: MS_NC No. Observations: 495 

Model: Logit Df Residuals: 483 

Method: MLE Df Model: 11 

Date: Wed, 11 Oct 2023 Pseudo R-squ.: 0.7884 

Time: 11:54:15 Log-Likelihood: -30.929 

converged: True LL-Null: -146.14 

Covariance Type: nonrobust LLR p-value: 3.46E-43 
 

 

Parameter coef Std err z P>|z| [0.025 0.975] 

Intercept -12.4102 6.165 -2.013 0.044 -24.494 -0.327 

CSP1 0.002 0.002 1.073 0.283 -0.002 0.006 

CSP3 32.8289 84 0.391 0.696 -131.808 197.466 

CSP4 6.88 4.301 1.6 0.11 -1.55 15.31 

CSP6 5.6232 2.386 2.357 0.018 0.948 10.299 

CSP7 -0.222 0.925 -0.24 0.81 -2.035 1.591 

CSP8 3.5998 0.67 5.374 0 2.287 4.913 

CSP9 -0.0306 2.515 -0.012 0.99 -4.96 4.899 

CSP10 51.2346 34.325 1.493 0.136 -16.042 118.511 

CSP11 -1.6765 0.753 -2.228 0.026 -3.151 -0.202 

CSP12 -30.7682 84.606 -0.364 0.716 -196.594 135.057 

CSP13 8.4742 1.841 4.604 0 4.867 12.082 

Table 11. Initial Model Logistic Regression Results 
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From the coefficients provided, it is now possible to generate the logit expression 

for an initial predictive model equation (See Equation 6). 

𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙 𝑃𝑃(𝑀𝑀𝑀𝑀𝑁𝑁𝑁𝑁) =  −12.4102 + 0.002𝐶𝐶𝐶𝐶𝐶𝐶1 + 32.829𝐶𝐶𝐶𝐶𝐶𝐶3 + 6.880𝐶𝐶𝐶𝐶𝐶𝐶4 + 5.623𝐶𝐶𝐶𝐶𝐶𝐶6

− 0.222𝐶𝐶𝐶𝐶𝐶𝐶7 + 3.6𝐶𝐶𝐶𝐶𝐶𝐶8 − 0.031𝐶𝐶𝐶𝐶𝐶𝐶9 + 51.2350𝐶𝐶𝐶𝐶𝐶𝐶10 − 1.677𝐶𝐶𝐶𝐶𝐶𝐶11

− 30.768𝐶𝐶𝐶𝐶𝐶𝐶12 + 8.474𝐶𝐶𝐶𝐶𝐶𝐶13 

Equation 6 

 The predictive model’s Pseudo R-square value was 0.78, which indicates that the 

predictive factors can account for about 78 percent of the variation of the dependent 

variable. The McFadden's R-square value was similar at 0.78. The LLR p-value was 

3.463e-43, or essentially zero. These initial values indicate that the model created is well-

fitting. The results of the initial model fit do indicate that it is feasible to develop a model 

that accurately predicts the probability of producing non-conforming Medical Systems. 

 

 4.5 Analysis of Predictive Factor Significance to Overall System Function 

Praxis Hypothesis 3 involved the analysis of the model predictive factors using 

logistic regression to determine if they were significant to the outcome. The hypothesis 

was stated as follows: 

H3: Analysis of component test results with logistic regression will identify the 

dependency of components and critical system functions. 

To determine the significance of the predictive factors to the outcome, each 

predictive factor’s Wald test value and p-score were evaluated. The z-values shown in 

Table 12 represent Wald's test values.  
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Parameter coef std err z P>|z| 

Intercept -12.4102 6.165 -2.013 0.044 

CSP1 0.002 0.002 1.073 0.283 

CSP3 32.8289 84 0.391 0.696 

CSP4 6.88 4.301 1.6 0.11 

CSP6 5.6232 2.386 2.357 0.018 

CSP7 -0.222 0.925 -0.24 0.81 

CSP8 3.5998 0.67 5.374 0 

CSP9 -0.0306 2.515 -0.012 0.99 

CSP10 51.2346 34.325 1.493 0.136 

CSP11 -1.6765 0.753 -2.228 0.026 

CSP12 -30.7682 84.606 -0.364 0.716 

CSP13 8.4742 1.841 4.604 0 
Table 12. Initial Predictive Model Coefficient & Wald Values (z column) 

 

The Wald test value and corresponding p-value for CSP1, CSP3, CSP4, CSP7, 

CSP9, CSP10, and CSP12 might not be significant contributors to the outcome of the 

model. That would leave CSP6, CSP8, CSP11, and CSP13 as the four main predictive 

factors contributors to the model outcome. 

Predictive factors CSP6 and CSP8 are associated with the heater subassembly. 

CSP6 is a measure of how much resistance the heating element must overcome to reach 

temperature. CSP8 is the measurement of temperature accuracy. These two CSPs are 

indeed critical to test the function of the system. CSP11 is a measure of the detection 

light wavelength, which is also extremely important. CSP13 is related to human error. In 

this case, the medical system is confirming, but the tester committed an error that caused 

it to become non-conforming. Subsequent testing showed that it was conformant. The 



62 
 

results from evaluating the induvial predictive factor Wald test value do make sense from 

a medical system chemistry test point of view. The results of the initial model analysis 

demonstrate that it is possible to determine which component's performance impacts the 

system test functionality. It is possible, however, that tightening the acceptance criteria 

might make other predictive factors significant and further enhance the value of the 

predictive model. 

 

4.6 Predicative Model Optimization Results 

The first optimization (Model Optimization 1) that was performed was to remove 

CSPs that were not contributing to the outcome. The model was retrained only using 

CSP6, CSP8, CSP11, and CSP13. The results of the model fit are shown in Table 13. The 

code stated that the optimization terminated successfully with a current function value 

equal to 0.068104 after ten iterations. McFadden's R-square value was 0.769, and the p-

value was 1.689e-47. The results were similar to those obtained when using all the 

proposed initial predictive factors. Removing the non-contributing factors did not affect 

the model fit. 
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Logit Regression Results 

Dep. Variable: MS_NC No. Observations: 495 

Model: Logit Df Residuals: 490 

Method: MLE Df Model: 4 

Date: Wed, 11 Oct 2023 Pseudo R-squ.: 0.7693 

Time: 12:12:56 Log-Likelihood: -33.712 

converged: True LL-Null: -146.14 

Covariance Type: nonrobust LLR p-value: 1.69E-47 
 

 

Parameter coef Std err z P>|z| [0.025 0.975] 

Intercept -5.917 1.101 -5.373 0 -8.075 -3.758 

CSP6 4.3531 1.563 2.785 0.005 1.29 7.416 

CSP8 3.4596 0.61 5.67 0 2.264 4.655 

CSP11 -1.4378 0.631 -2.279 0.023 -2.674 -0.201 

CSP13 7.2653 1.32 5.504 0 4.678 9.852 
Table 13. Results for Model Optimization 1 

 

The second model optimization (Model Optimization 2) performed involved 

tightening the acceptance criteria of the allowed LCT bias from ± 6% to ± 4%. This 

change in the final testing acceptance criteria increased the number of non-conformant 

medical systems to 107 in the training dataset and 37 in the validation dataset. The results 

of the model fit are shown in Table 14. The optimization terminated successfully after 

209 iterations, but the Maximum Likelihood optimization failed to converge. It stopped 

with a current function value equal to 0.375. The model had McFadden's R-square value 

of 0.281 and a p-value of 1.289e-25. The low McFadden value indicates that the model fit 

is not as good as the initial model. The Wald test values and corresponding p-values for 

CSP8 and CSP9 indicate them as the predictive factors contributing to the model 
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outcome. These results differ from the initial predictive model, which had four factors in 

the model. 

Logit Regression Results 

Dep. Variable: MS_NC No. Observations: 495 

Model: Logit Df Residuals: 483 

Method: MLE Df Model: 11 

Date: Wed, 11 Oct 2023 Pseudo R-squ.: 0.2814 

Time: 8:34:11 Log-Likelihood: -185.69 

converged: FALSE LL-Null: -258.39 

Covariance Type: nonrobust LLR p-value: 1.29E-25 
 

 

Parameter coef Std err z P>|z| [0.025 0.975] 

Intercept -2.5558 1.993 -1.282 0.2 -6.463 1.351 

CSP1 -0.0013 0.001 -1.804 0.071 -0.003 0 

CSP3 -7.439 25.099 -0.296 0.767 -56.633 41.755 

CSP4 -0.9801 1.474 -0.665 0.506 -3.87 1.91 

CSP6 0.2243 0.64 0.35 0.726 -1.03 1.479 

CSP7 -0.3628 0.277 -1.308 0.191 -0.906 0.181 

CSP8 1.8714 0.299 6.267 0 1.286 2.457 

CSP9 2.6136 0.93 2.81 0.005 0.79 4.437 

CSP10 -2.3445 11.623 -0.202 0.84 -25.124 20.435 

CSP11 -0.1878 0.155 -1.209 0.226 -0.492 0.117 

CSP12 2.9272 25.888 0.113 0.91 -47.813 53.667 

CSP13 25.6709 4.21E+04 0.001 1 -8.24E+04 8.25E+04 
Table 14. Results for Model Optimization 2 

 

The third model optimization performed (Model Optimization 3) involved 

tightening the acceptance criteria of the allowed LCT bias from ± 6% to ± 2%. This 
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change in the final testing acceptance criteria increased the number of non-conformant 

medical systems to 247 in the training dataset and 97 in the validation dataset. The results 

of the model fit are shown in Table 15. The optimization terminated after 80900 

iterations, but the Maximum Likelihood optimization failed to converge. The very low 

McFadden value indicates that the model does not fit the data.  

Logit Regression Results 

Dep. Variable: MS_NC No. Observations: 495 

Model: Logit Df Residuals: 483 

Method: MLE Df Model: 11 

Date: Wed, 11 Oct 2023 Pseudo R-squ.: 0.09232 

Time: 12:47:02 Log-Likelihood: -308.85 

converged: FALSE LL-Null: -340.27 

Covariance Type: nonrobust LLR p-value: 2.76E-09 
 

 

Parameter coef Std err z P>|z| [0.025 0.975] 

Intercept 1.3748 1.277 1.077 0.282 -1.127 3.877 

CSP1 -0.0012 0.001 -2.371 0.018 -0.002 0 

CSP3 54.2508 43.583 1.245 0.213 -31.17 139.672 

CSP4 0.9466 0.973 0.973 0.331 -0.96 2.854 

CSP6 0.0794 0.455 0.174 0.862 -0.813 0.971 

CSP7 -0.1624 0.188 -0.862 0.389 -0.532 0.207 

CSP8 1.2903 0.262 4.933 0 0.778 1.803 

CSP9 0.6186 0.473 1.307 0.191 -0.309 1.546 

CSP10 -9.8401 8.255 -1.192 0.233 -26.02 6.34 

CSP11 0.0135 0.106 0.128 0.898 -0.193 0.22 

CSP12 -52.8527 43.369 -1.219 0.223 -137.854 32.149 

CSP13 30.5014 1.20E+06 2.55E-05 1 -2.35E+06 2.35E+06 
Table 15. Results for Model Optimization 3 
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4.7 Predicative Model Precision and Accuracy Results 

The analysis results of the initial predictive model were used as the baseline for 

determining if the optimization steps proposed would improve on the initial model. The 

fitted model was applied to hold out data using the Python statsmodels module 

logit.predict function. A classification report was then generated using Python’s sklearn 

module metric.classification report function.  

The initial model classification report is shown in Table 16, and the 

corresponding confusion matrix is shown in Figure 14. The model had a classification 

accuracy of 0.953 or 95.3%. The precision of the model to predict non-conformant 

medical systems was 0.33, or 33%, with a recall(sensitivity) value of 17%. The precision 

of the model to predict conformant systems was 0.97, or 97%, with a recall(sensitivity) 

value of 99%. 

 

 
precision recall f1-score support 

0 0.97 0.99 0.98 144 

1 0.33 0.17 0.22 6 

     
accuracy 

  
0.95 150 

macro avg 0.65 0.58 0.6 150 

weighted avg 0.94 0.95 0.95 150 

Table 16. Initial Model Classification Report 



67 
 

 

Model Optimization 1's classification report is shown in Table 17, and the 

corresponding confusion matrix is shown in Figure 15. The results are identical to the 

initial model parameters. The model had a classification accuracy of 0.953 or 95.3%. The 

precision of the model to predict non-conformant medical systems was 0.33, or 33%, 

with a recall(sensitivity) value of 17%. The precision of the model to predict conformant 

systems was 0.97, or 97%, with a recall(sensitivity) value of 99%.  

 

 
precision recall f1-score support 

0 0.97 0.99 0.98 144 

1 0.33 0.17 0.22 6 

     
accuracy 

  
0.95 150 

macro avg 0.65 0.58 0.6 150 

weighted avg 0.94 0.95 0.95 150 

Table 17. Model Optimization 1 Classification Report 

 

Figure 14. Initial Model Confusion Matrix 
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Model Optimization 2 and 3 were poor fitting. The classification reports are 

shown in Tables 18 and 19. Model 2 had a classification accuracy of 80%. With a 1-value 

prediction precision of 100%, with a recall(sensitivity) value of 22%, and a 0-value 

precision of 80% with a recall(sensitivity) value of 100%. Model 3 had a classification 

accuracy of just 59.3%. It is highly possible that simply tightening the bias spec does not 

yield an improvement, given that this system already had some form of controls in place. 

 

 
precision recall f1-score support 

0 0.80 1.0 0.89 113 

1 1.0 0.22 0.36 37 

     
accuracy 

  
0.81 150 

macro avg 0.95 0.61 0.62 150 

weighted avg 0.85 0.81 0.76 150 

Table 18. Model Optimization 2 Classification Report 

Figure 15. Model Optimization 1 Confusion Matrix 
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precision recall f1-score support 

0 0.45 0.66 0.53 53 

1 0.75 0.56 0.64 97 

     
accuracy 

  
0.59 150 

macro avg 0.60 0.61 0.59 150 

weighted avg 0.64 0.59 0.60 150 

Table 19. Model Optimization 3 Classification Report 

 

4.8 Final Predictive Model 

The results from the optimization efforts indicate that the simplified version of the 

initial model (Optimized Model 1) performs the best in terms of accuracy and precision. 

Using the coefficients derived from that optimization, a logit expression for the final 

predictive model is defined as: 

𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙 𝑃𝑃(𝑀𝑀𝑀𝑀𝑁𝑁𝑁𝑁) =  −5.917 + 4.353𝐶𝐶𝐶𝐶𝐶𝐶6 + 3.460𝐶𝐶𝐶𝐶𝐶𝐶8 − 1.438𝐶𝐶𝐶𝐶𝐶𝐶11 + 7.265𝐶𝐶𝐶𝐶𝐶𝐶13 

Equation 7 

  where: 

  𝑃𝑃(𝑀𝑀𝑀𝑀𝑁𝑁𝑁𝑁) = Probability of a Non-Conforming Medical System 

  CSP6 = Heater Plate Resistance 

  CSP8 = thermistor Accuracy 

  CSP11 = Sample and Reference Light Wavelength Centroid 

  CSP13 = Human Testing Error 
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These values are then used to calculate the probability of non-conformance as follows: 

𝑃𝑃(𝑀𝑀𝑀𝑀𝑁𝑁𝑁𝑁) = exp�𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙 𝑃𝑃(𝑀𝑀𝑀𝑀𝑁𝑁𝑁𝑁)� /[1 + 𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙 𝑃𝑃(𝑀𝑀𝑀𝑀𝑁𝑁𝑁𝑁)] 

Equation 8 

The area under the curve for the holdout dataset using the model above was 

estimated at 74% (See Figure 16). This value indicates that this final model has a good 

ability to predict future observations. 

 

 

As additional validation of the optimized predictive model, it was run against the 

full dataset. The classification report for the full dataset is shown in Table 20, and the 

corresponding confusion matrix is shown in Figure 17. The model had a classification 

accuracy of 97.0%. The precision of the model to predict non-conformant medical 

systems was 88%, with a recall(sensitivity) value of 71%. The precision of the model to 

predict conformant systems was 98%, with a recall(sensitivity) value of 99%. The area 

Figure 16. AUC Score & ROC Curve for the Final Model with the 
Holdout Dataset 
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under the ROC Curve was estimated at 94.6%, which indicates that the final model has a 

very good ability to predict future observations of non-conformance of manufactured 

medical systems (See Figures 18 and 19). 

 
precision recall f1-score support 

0 0.98 0.99 0.98 596 

1 0.88 0.71 0.79 49 

     
accuracy 

  
0.97 645 

macro avg 0.93 0.85 0.89 645 

weighted avg 0.97 0.97 0.97 645 

Table 20. Predictive Model Results on Full Dataset 

 

 

 
Figure 17. Confusion Matrix of Final Model on Full Dataset 
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Figure 18. Final Model AUC Score and ROC Curve with Full Dataset 

Figure 19. Dataset ROC Curve Overlay 
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4.9 Summary 

This Praxis achieved its research objectives by answering the research questions and 

presenting results that supported the hypotheses. 

• RQ1: What are the components contributing to the manufacturing of non-

conforming Medical Systems? The review of control system documentation, NPD 

design transfer documentation, and associated manufacturing datasets revealed 13 

potential control system parameters that could be used as predictive factors. 

• RQ2: Can a predictive model be built that accurately predicts the probability of 

producing non-conforming Medical Systems? The predictive model for 

determining the probability of producing non-conforming medical systems 

created in this Praxis had a classification accuracy of 97.0%. The precision of the 

model to predict non-conformant medical systems was 88%, with a 

recall(sensitivity) value of 71%. The precision of the model to predict conformant 

systems was 98%, with a recall(sensitivity) value of 99%. The area under the 

ROC Curve was estimated at 94.6%, indicating that the model should give 

confidence to the manufacturing engineering team that future predictions will be 

accurate. 

• RQ3: Can logistic regression be used to identify critical components and their 

associated impact on final medical system functionality? The analysis of the 

logistic regression model summary results allowed for the identification of 

components, subassemblies, or testing steps that impacted the medical system’s 

eventual disposition as conformant or non-conformant. This allowed for a broad 
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initial analysis of 13 parameters. Ultimately, four control system parameters had 

the greatest impact on final medical system acceptance.  
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Chapter 5—Discussion and Conclusions 

 

5.1 Discussion 

New product development projects for in vitro diagnostic medical systems take a 

significant investment in terms of time and money. It is not uncommon for a medical 

system to be launched in a limited capacity because the organization does not have 

confidence that the manufacturing process is sufficiently preventing non-conforming 

systems from being released. For the medical system used in this Praxis study, an 

expensive analytical test was added after the failures of the product in the field shortly 

after its launch. While the analytical test ensured that manufactured systems were 

conformant, it added significant expense to the process and slowed the launch rate. 

This Praxis demonstrated how using a logistic regression methodology with the 

data from the analytical and manufacturing testing was useful to identify and confirm that 

critical system components were being tested and controlled in manufacturing. This was 

accomplished by reviewing data from about 650 systems that had been manufactured at 

the time of this study. The predictive model developed confirmed that they were testing 

critical-to-function components that directly impacted the outcome. The predictive model 

demonstrated a good capability to predict a future system's non-conformance status 

without having to run the analytical test. Optimization of the model yielded little 

improvement. This was most likely due to the control systems already having some level 

of optimization. Developing a predictive model like the one in this Praxis as part of 

design transfer but before a product launch should aid engineering managers in having 

higher initial yield rates for systems. 
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5.2 Conclusions 

The objective of the research performed during this Praxis was to demonstrate 

that a predictive model could help validate that the manufacturing process controls 

selected for medical systems are effective at minimizing costly low-yield issues observed 

during product launches. To accomplish that objective, the output data from the 

predictive model should help engineering managers responsible for medical systems 

design transfer and manufacturing understand their product launch readiness. The key 

hypotheses of this Praxis were: 

H1: Analysis of the manufacturing component test results will help identify 

which ones could affect system functionality. 

H2: A predictive model using logistic regression will identify non-conforming 

Medical Systems in manufacturing. 

H3: Analysis of component test results with logistic regression will identify the 

dependency of components and critical system function. 

Through the research, the heater and optical components of the system were affirmed as 

statistically significant to the outcome of the test. In addition, the human testing step 

added to control risk was discovered as a contributor to factory yield losses. The final 

model developed had a very good fit and accuracy. This was not surprising as the medical 

system used in this Praxis had an abundance of manufacturing systems controls in place. 

The data analyzed showed that some parameters were not significant. This, however, may 

not be true, as it may be just indicating that the controls currently in place are already 

working as intended. It does, however, suggest that reviewing some of the current process 

controls for need could yield cost-reduction opportunities. Had this model been in place 
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at the onset of manufacturing, it is possible that the LCT step would not have been 

needed, and the performance issues would have been discovered earlier. This could have 

led to higher initial yields and prevented a delay in getting the product to a full 

commercialization state. This predictive model development process would be most 

beneficial to medical system organizations for use during the design transfer process to 

ensure production readiness when a desired non-conformance rate is reached. 

 

5.3 Contributions to Body of Knowledge  

 This Praxis provided contributions to the Engineering Management body of 

knowledge by demonstrating a process that can be used by medical system engineering 

teams to minimize system yield and reliability issues seen at product launches. 

The Praxis provided contributions to the engineering management discipline are 

as follows: 

1)  Introduced a method for using logistic regression to confirm the significance 

of potential or existing control system testing parameters to overall system 

analytical performance. 

2) Introduced a method for developing a predictive model that could be used 

during the transfer phase to determine the probability of the produced system 

being non-conformant. 

3) Introduced a method for developing a model that could be used as part of a 

Multi-Criteria Decision Aid, a design transfer, or a commercialization stage 

gate review of a medical NPD project. 

 



78 
 

5.4 Recommendations for Future Research 

The researcher recommends the following topics for future research to add to the 

body of knowledge regarding the development of predictive models for medical system 

NPD projects post design transfer: 

• Expand the research to include additional control system parameters from 

other tests performed on the medical system other than the diabetes 

HbA1c test. 

• Expand the research to include additional medical systems with varying 

levels of design complexity. 

• Expand the research to include predictive factors associated with the 

chemistry consumable used in a medical system. 

• Perform research and development of project management techniques that 

incorporate a predictive model algorithm as part of design transfer. 

• Expand the research to include additional machine learning, or artificial 

learning, that continuously enhances the predictive model by also 

incorporating technical complaints from the usage of the systems by the 

intended users.  

• Conduct research on the use of a model-based system engineering 

(MBSE) application that incorporates both the instrument and chemistry 

requirements could allow for enhanced identification of predictive factors 

and allow for the use of the predictive model within the MBSE model. 
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Appendix A: Representative CSV File Merge Python Code 

import os 

import pandas as pd 

# Set the folder path where your CSV files are located 

folder_path = 'pathTo/Tester/DailySummary_Files' 

# Get a list of all CSV files in the folder 

csv_files = [file for file in os.listdir(folder_path) if file.endswith('.csv')] 

# Initialize an empty list to store the DataFrames 

dfs = [ ] 

# Iterate over each CSV file and read it into a DataFrame 

for file in csv_files: 

    file_path = os.path.join(folder_path, file) 

    df = pd.read_csv(file_path) 

    dfs.append(df) 

# Concatenate all the DataFrames in the list 

merged_data = pd.concat(dfs, ignore_index=True) 

# Save the merged data to a new CSV file 

merged_data.to_csv(''pathTo/Tester /merged_data.csv', index=False) 

print(“CSV files merged successfully!”) 
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Appendix B: Representative CSV File Data Visualization Python Code 

import pandas as pd 

import seaborn as sns 

import matplotlib.pyplot as plt 

 

# Read the CSV file into a pandas DataFrame 

df = pd.read_csv('Data/Heater_merged_data01.csv', header=0) 

# Generate a boolean DataFrame where True represents cells with value "-" 

value_cells = df == "-" 

# Create a heatmap of cells with value "-" 

plt.figure(figsize=(10, 8)) 

sns.heatmap(value_cells, cmap='binary') 

plt.title('Heatmap of Cells with Value "-') 

plt.show() 

# Count the number of rows with values containing "-" 

count = (df == "-").any(axis=1).sum() 

# Print the count 

print(f"Number of rows with values containing '-': {count}") 

  



87 
 

Appendix C: Control System Parameter Logistic Regression Python Code 

import numpy as pd 

import pandas as pd 

import statsmodels.formula.api as sm 

import matplotlib.pyplot as plt 

import seaborn as sns 

 

Training Data Import 

# import dataset from CSV file 

data = pd.read_csv('Data/training_datafile.csv', header=0) 

#view first 10 rows of dataset and column information 

data[0:10] 

train_data.info() 

 

Visualize Data 

# View predictive parameter relationships 

sns.pairplot(train_data[['MS_NC', 'CSP6',…. 'CSP13']]) 

# See how many systems were non-conformant 

sns.countplot(x="MS_NC", data=train_data) 

 

Model Training 

# Fit the logistic regression model where MS_NC is the dependent variable and CSPx are 
predicator factors 

log_reg = sm.logit("MS_NC ~ CSP8 + … + CSP13 + CSP14", data=data).fit() 

 

# Print the summary of the logistic regression model 

print(log_reg.summary()) 

# Calculate McFadden's R2 

r2_mcfadden = 1 - (result.llf / result.llnull) 

print("McFadden's R2:", r2_mcfadden) 
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Predicting New Data with Model 

# loading the testing dataset   

data = pd.read_csv('Data/'Data/testing_datafile.csv', header=0) 

 

# defining the dependent and independent variables 

Xtest = data[['independent1', 'independent2']] 

ytest = data[[‘dependent’]] 

 

# performing predictions on the test dataset 

yhat = log_reg.predict(XValidate) 

 

# Set cutoff threshold p=0.5 

cutoff = 0.5 

prediction = np.where(yhat > cutoff, 1, 0) 

 

# comparing original and predicted values of y 

print('Actual values:', list(y.values)) 

print('Predictions:', list(prediction)) 

 

Test Model Accuracy and Precision 

#Testing the accuracy of the model 

from sklearn.metrics import (classification_report, confusion_matrix, accuracy_score, 
ConfusionMatrixDisplay) 

 

# classification report 

print(classification_report(yValidate, prediction)) 

 

# confusion matrix 

cm = confusion_matrix(yValidate, prediction)  

print("Confusion Matrix : \n", cm)  
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# accuracy score of the model 

print('Test accuracy = ', accuracy_score(yValidate, prediction)) 

#Visualization of Confusion Matrix 

cm_disp = ConfusionMatrixDisplay(confusion_matrix=cm, display_labels = 
['Conformant', 'Non-Conformant']) 

cm_disp.plot() 

 

Generate ROC Curve Data 

import numpy as np 

from sklearn.metrics import roc_auc_score 

 

# Set a range of threshold values 

thresholds = np.linspace(0, 1, 100) 

# Calculate the AUC score 

auc_score = roc_auc_score(yValidate, yhat) 

# Calculate the FPR and TPR for each threshold value 

fpr = [] 

tpr = [] 

 

for threshold in thresholds: 

    y_pred = (yhat >= threshold).astype(int) 

    # Calculate the FPR and TPR 

    fpr.append(np.sum(y_pred[yValidate == 0]) / len(yValidate[yValidate == 0])) 

    tpr.append(np.sum(y_pred[yValidate == 1]) / len(yValidate[yValidate == 1])) 

 

plt.plot(fpr, tpr, label="AUC="+str(auc_score)) 

plt.xlabel('False Positive Rate') 

plt.ylabel('True Positive Rate') 
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plt.title('ROC Curve') 

plt.legend() 

plt.show() 

 

Generate ROC Curve for Full Dataset 

import numpy as np 

from sklearn.metrics import roc_auc_score 

 

# Set a range of threshold values 

Thresholds2 = np.linspace(0, 1, 100) 

# Calculate the AUC score 

auc_score2 = roc_auc_score(yTest, yhat2) 

# Calculate the FPR and TPR for each threshold value 

fpr2 = [] 

tpr2 = [] 

 

for threshold in thresholds: 

    y_pred2 = (yhat2 >= threshold).astype(int) 

    # Calculate the FPR and TPR 

    fpr.append(np.sum(y_pred2[yTest == 0]) / len(yTest [yTest == 0])) 

    tpr.append(np.sum(y_pred2[yTest == 1]) / len(yTest [yTest == 1])) 

 

plt.plot(fpr2, tpr2, label="AUC="+str(auc_score2)) 

plt.xlabel('False Positive Rate') 

plt.ylabel('True Positive Rate') 

plt.title('ROC Curve') 

plt.legend() 

plt.show() 
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Overlay ROC Curves 
from sklearn.metrics import roc_curve, auc 

plt.figure(figsize=(5, 5), dpi=100) 

plt.plot(fpr2, tpr2, label="Full Dataset="+str(auc_score2)) 

plt.plot(fpr, tpr, label="Holdout Data="+str(auc_score)) 

plt.xlabel('False Positive Rate -->') 

plt.ylabel('True Positive Rate -->') 

plt.legend() 

plt.show() 
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