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Abstract

This paper examines the reliability of a product in terms of its lifetime, based on the in‐

vestigation of certain factors within the framework of maintaining the principles of the

circular economy and the sustainable design of the experiment. The study aims to inves‐

tigate the critical factors that could affect the product’s lifespan and long-term efficiency.

Initially, a statistical analysis of interactions was achieved through an interaction dia‐

gram using the Minitab software and for trials scheduled using the Plackett–Burman

planner. Subsequently, the most significant interactions were selected and further analy‐

sis was conducted using the screening model, a combination of Pareto chart and the

Lenth method to filter out weaker performing controlling factors and their associated

two-way interactions. This was followed by a life-data regression analysis, and the re‐

sults identified statistically strong factors and interactions based on various commonly

used reliability distributions. Such findings are important in improving the life extent of

a product, which in the specific case was a manufactured industrial-level thermostat,

while reducing the risk for early product failure. In conclusion, the study demonstrates

the variability and multiplicity in prediction accuracy of the screened effects when con‐

sidering different reliability distributions in research which employs statistical reliability

tools. Such tools are regularly encountered in product design and improvement efforts,

aiming to successfully prevent early failures while ameliorating the environmental foot‐

print in production.

Keywords: reliability distribution; censored data; screening designs; life-data regression;

experimental design; Plackett–Burman planner; Pareto analysis; Lenth test

1. Introduction

Modern industry has acquired new evolutionary significance through the gradual

advancement of its production systems, utilizing advanced manufacturing structures

with specialized on-demand functionalities. Beyond the specific predefined characteris‐

tics of efficiency and flexibility in application, major focal points include the use of ad‐

vanced information technologies and the design of materials with high performance,

suitable for demanding applications requiring increased strength and durability [1].

The automation of numerous production functions and data exchange processes has

led to the Fourth Industrial Revolution, or Industry 4.0. This automation is implemented

through “smart factories.” According to Sahoo and Lo [2], smart factories can operate ef‐

ficiently by achieving the following steps:
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i. The collection of a wide range of relevant data from equipment.

ii. The extraction and analysis of information that is highly useful for supporting and

establishing business initiatives.

iii. The automation of processes, systemic optimization, and the updating of business

strategy.

A smart factory may therefore include:

i. “Smart” manufacturing through the intelligent interconnection of tools, machinery,

and operators.

ii. “Smart” services that ensure real-time transparency of production and maintenance

data, as well as support for a wide range of predictive and preparatory analyses,

and

iii. “Intelligent” machines within highly efficient systems, which may involve

Manufacturing Execution Systems (MES), shop floors, and Material Requirements

Planning (MRP) systems with reduced waste generation.

Such efficient systems include real-time control systems, which are considered pre‐

ferred solutions in modern industries, as they constitute advanced systems designed

with emphasis on operational correctness and extremely low response-time variation. A

fundamental requirement of most machines and devices is their effective performance

within an extremely short time interval from the moment stimulus data are received.

The examined time parameter represents the verified interval within which each control

operation is executed. All control systems operate deterministically, meaning that they

complete an operation within a predefined deadline [3].

Design of Experiments (DOE) constitutes a highly efficient problem-design tech‐

nique aimed at minimizing parallel data, input–output, and result interactions [4,5].

The extended lifetime of a product is highly important for the circular economy and

the achievement of sustainability. The literature suggests that the strategic methods and

challenges capable of overcoming the factors that render product lifetime unmanageable

and short remain largely undefined [6].

The product life cycle includes stages ranging from the sourcing of raw materials,

design, production, marketing, distribution, purchase, use, and disposal, to, in certain

model-specific cases, collection and reuse [7].

Many models are used to describe product lifetimes, which may be described by a

wide range of statistical distributions [8]. Klion [9] argued that the prediction, study, and

determination of reliability are based on lifetime distribution data and, more specifically,

on data derived from a particular historical background.

The issue of evaluating the effective operating time of the thermostat until the first

failure is part of the Life Cycle Inventory (LCI) stage, which, together with three other

stages, defines the Life Cycle Assessment (LCA). The remaining three stages are the defi‐

nition of Goal and Scope (G&S), Life Cycle Impact Assessment (LCIA), and the interpre‐

tation phase. All these stages contribute to the final Life Cycle Sustainability Assessment

(LCSA), which calculates and predicts consequences based on a predefined value and/or

concern referred to as an Area of Protection (AoP). These consequences are modeled and

ultimately lead to cause–effect inventory flows with quantified impact indicators, which

may be related not only to the environment and natural resource management, but also

to human health. For this reason, the methodology followed in the present study opens

pathways toward improved approaches for addressing such problems and aligns with

the European Union’s vision for solutions whose environmental performance is already

disclosed [10].

There are two principal methods commonly encountered in regression problems in‐

volving time-to-event data—in the present case, time until the occurrence of the first fail‐
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ure. The first method is the Accelerated Failure Time Model, and the second is the

Proportional Hazards Model. Although numerous additional proportional models exist,

ambiguity has generally been observed regarding the precise implementation of these

proposed methods, as well as the diagnostic tools accompanying them for conducting

the corresponding evaluations [11]. Since the investigated case study which is under‐

taken in this work ensures an adequate lifetime data volume, the Proportional Hazards

Model is not assessed because the approach is less efficient and prone to loss of full sur‐

vival time information since it replaces exact event time to ordering of events.

The Weibull distribution, in particular, has been used extensively in the past as a re‐

liability model for studying time-to-failure data. In general, it is considered a generaliza‐

tion of the exponential model with variable failure-rate functions and provides results

both for early burn-in failures and for end-of-life failures caused by wear-out mecha‐

nisms [12]. The DOE analysis or reliability datasets have a specialized toolbox for con‐

ducting life extension studies [13]. The DOE approach employed in the present study

concerns the design of a product, specifically a manufactured thermostat, while the

process details of production were originally established by Bullington et al. [14]. The

case study sought to improve lifetime time performance under censoring conditions. The

experimental design was carried out in the same manufacturing plant so as to optimize

the operation of an industrial thermostat. The value of this study lies in the need to solve

a real problem under interactive production conditions. Through Design of Experiments,

the main factors examined in the experiment were clarified; these factors mainly con‐

cerned the manufacturing and processing procedure of the thermostat during its assem‐

bly stage. The factors selected for analysis resulted from an examination of all flow steps

of the production process and inspection procedure and were derived from the judg‐

ments and analyses of specialized scientists and experts. The initial evaluation criterion

for these factors was, on the one hand, their ability to influence the system response

value and, on the other hand, the designers’ ability to identify and maintain the levels of

these factors within the experiment. The different design experiments required the con‐

sideration of two different factor levels, corresponding to high and low values, in order

to establish a factorial variability on the lifetime response. Thus, the Plackett–Burman

trial design method [15] was used, which included the construction of a two-level L  ar‐

ray with ten observations per trial. Initially, the number of identified factors was quite

high, but it was subsequently limited to eleven factors, at which point the array became

saturated, with all columns fully assigned to individual factors. In practice, therefore, no

empty columns could appear for possible interactions. This creates the possibility of con‐

founding individual main effects with higher-order interactions. For this reason, the ini‐

tial assumption was made that interaction effects were negligible and were not included.

This also provided the possibility of estimating the main effects without confounding

with two-factor interactions through a simple fold-over extension of the Plackett–

Burman design.

12

Twelve factor combinations were carried out, and each of them corresponded to the

testing of ten thermostats [14]. Overall, 120 thermostats were examined in operating cy‐

cles until failure. The maximum number of cycles at which the operating tests were ter‐

minated was 7,342,000. For the thermostats that continued to operate after the end of the

cycle experiments, right-censored data were identified, corresponding to additional op‐

erating cycles. The best response was observed in trials 1, 6, and 11, with factors coded

as E and H performing at the same level.

In order to focus on identifying failure during the early life of the product, the re‐

search team decided to take all these data into account but to use only the first two or‐

dered statistics in each treatment combination, applying a signal-to-noise ratio analysis.
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Due to the incomplete use of the data, it is generally accepted that a different analysis is

necessary, one with broader data utilization and results anchored not only in the early

stages of product operation but also in the long-term durability of the thermostat.

This study demonstrated that the appropriate experimental design contributed to

the identification of factors causing non-compliance with process requirements and re‐

vised the necessary specifications of the thermostat production process in order to re‐

duce the probability of failure. The expected lifetime increased by one order of magni‐

tude, from the initial number of cycles to more than 7,000,000 cycles, with operational

verification of 20 newly manufactured power elements. Because of censoring and non-

fully randomized data, the challenge of developing a new robust procedure that would

allow lifetime extension under more difficult conditions arose. A Bayesian variable selec‐

tion procedure offered different follow-up predictions in the past making this case study

interesting for further investigations [16]; it included the possibility of an interaction.

One way to study the cause-and-effect relationships non-parametrically between ex‐

amined effects and Weibull distribution parameters was demonstrated by Besseris [17].

Using the super-ranking concept scale and shape parameters were individually ranked

and concurrently optimized after fusion. Using Taguchi-type nonlinear orthogonal ar‐

rays for small samples, Weibull parameter multifactorial screening was confined to mini‐

mum replications such as to promote quick research results while retaining information

about variability between replicates and extracting statistical conclusions. The approach

placed the emphasis on robustly estimating the two Weibull-parameter responses and

hence then to provide a simultaneous solution for optimizing robustly both parameters

against four controlling factors by forming a single order-based response.

A frequently used method that contributed to the approach to the problem was

Taguchi’s SNR (signal-to-noise ratio) [5]. This is used to record simultaneous contribu‐

tions of location and variation from trial replications. At the same time, the data were

processed before applying ANOVA multiple-contrast capabilities. However, this method

was clearly not sufficient, because it does not take into account all the required criteria

for evaluating the response behavior of the product. The technique proposed in the

Besseris work [17] can also be applied to the two-parameter Weibull model. The classical

Taguchi technique can handle trial replications but was not applied to demonstrate the

corresponding influences of shape and scale variations in the product’s lifetime behavior.

The two-parameter Weibull distribution links the MTTF with the scale estimator in

a linear manner through a gamma function. Its maximum value is obtained by simulta‐

neously maximizing scale and shape, which is a critical prerequisite because it can lead

to reliability optimization. Using the Besseris [17] technique, the shape and scale values

are decoupled in the nonlinear Taguchi-type array and then recombined using the super-

ranking concept. In fact, for the case of examining nonlinearity by evaluating three or

more factorial settings, the non-parametric solver was selected to be the Kruskal–Wallis

test. Essentially, Taguchi’s SNR approach was replaced by a method based on the shape

and scale parameters of the Weibull distribution, combined with super-ranking to con‐

dense individual reliability streams into a single response assessed through the non-

parametric Kruskal–Wallis comparison test. Consequently, this research advanced a flex‐

ible technique for computing statistical tests of multiple settings for saturated and non-

normal data. The case study in this field of industrial operations, specifically in the can-

making sector, applied Taguchi’s L (3 ) OA in fused and saturated form. The examined

factors were Mn and Mg content, the number of hot mill passes, and the cold mill reduc‐

tion rate. The significance level of the effects of Mn and Mg indicated non-normal behav‐

ior. Meanwhile, the Taguchi mean estimation deviations led to the application of the

non-parametric Kruskal–Wallis inference method. Only the Mn-content was found to be

9
4
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statistically significant at a level of 0.10. Confirmatory tests showed estimated response

limits with a deviation below 7% from the actual buckle strength values after the opti‐

mized settings were incorporated.

Wang et al. [18] examined how reliability can be improved through DOE and at‐

tempted to detect the factors that strongly affect percentile lifetime when the scale pa‐

rameter is not constant. The data of Bullington et al. [14] were re-examined in an attempt

to identify the factors that largely determine the location parameter and the levels of the

significant factors using this time the smallest extreme value distribution. The technique

employed maximum likelihood estimations which were screened using three different

types of bootstrap methods—percentile bootstrapping (PB), accelerated percentile boot‐

strapping (BCa), and bias-corrected percentile bootstrapping (BCBP). The authors were

mainly interested at obtaining estimations at lifetime probabilities of p = 0.1 and p =

0.6321. They noted that the location parameter is a special case of an estimation which

identifies a particular percentile at p = 0.6321. The researchers focused on finding the fac‐

tors that determine the 100p-th percentile. The surprising results were that all three

methods found as strong effects fewer than the original study, which found that all 11 ef‐

fects could be considered strong [14]. However, there was also disagreement among the

bootstrap methods; BCPB and BCa found eight active factors, while PB reduced the ac‐

tive factors to five [18]. BCIs were not estimated because the implemented screening

methods render them computationally expensive—a major problem facing engineers in

reliability improvement projects.

Lv et al. [19] focus on reliability improvement through DOE while taking into ac‐

count the constrained randomization of the experiments. The model they used assumed

randomization effects expressed through MTTF under Weibull and SEV distributions.

Through the thermostat example [14], it was shown that the traditional model assigns

statistical significance to all factors, and this leads to unreliable predictions. In conclu‐

sion, it was found that the most important factors that should be reduced to lower levels

are E, H, and their interaction. The authors identified the need for further examination of

accelerated life tests, possibly with a non-log-location-scale distribution, such as the

gamma distribution. However, an exhaustive screening of all possible interactions was

not attempted.

Subsequently, Besseris and Tsarouhas [20] re-examined the problem of studying

failure in the lifetime of the thermostat in order to discover the factors that affect the

time to failure in low-percentile analysis. They focus on the 10th percentile of the ther‐

mostat paradigm [14], but disagreed with the arbitrary selection of a distribution, argu‐

ing that other types of distributions could also be included in the set of tests, especially

for small, fractionated, and censored datasets. To remove the need for searching to a spe‐

cific parametric reliability model, they employed a non-parametric treatment, relinquish‐

ing the dependence on the accuracy of identifying a proper parametric reliability model.

They emphasized the computational convenience while searching for active effects when

a multiplicity of lifetime distribution functions appears to offer approximately the same

information about the nature of the datasets. They therefore proposed the sequential use

of two non-parametric methods, Kaplan–Meier and Wilcoxon–Mann–Whitney, to calcu‐

late the 10% lifetime percentile. The Kaplan–Meier method can provide non-parametric

estimates of survival probabilities for each factor combination in the Plackett–Burman

array. With this method, an attempt was made to estimate the 90% survival rate, corre‐

sponding to the 10th percentile of lifetime. This method was applied as many times as

there were controlling factors in the array. The ten measurements for each trial are com‐

pressed each time into a non-replicated vector and provide the measurement for the 10th

percentile. The calculation of lifetimes at 90% survival was performed with the Non-
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parametric Distribution Analysis (Right Censoring) module in software package Minitab

[21]. This choice of data analysis compressed the dataset to a unreplicated-saturated

form for the location and dispersion responses. For this reason, they resorted to the

blocker-and-profiler method. This is parameterized through Kaplan–Meier and

Wilcoxon–Mann–Whitney. The Kaplan–Meier calculation at 90% resolves the problem of

equal lifetimes in the 9th trial in two ways. The first is expressed as the scenario of in‐

cluding a missing element in the 9th position of the 10th-percentile vector, or by extrapo‐

lation through curve fitting of lifetimes. The completion of the missing element in the

10th-percentile vector was replaced by an extrapolated value. It was calculated to be

97,000 cycles on the Kaplan–Meier survival probability curve at the cut-off value of 0.9.

Factors E and H emerged as statistically active. It was demonstrated that even a single

missing datum can lead to an incorrect detection of significant factors.

Wang et al. [22] attempted to maximize product reliability using the dual-response

method. Through their article, they sought to use dual-response regression models for

the lifetime response, focusing mainly on percentile lifetime and the scale parameter.

They also aimed at an iterative computational method for assessing uncertainty in the

identification of significant factors affecting percentile lifetime and standard deviation.

They attempted to extend lifetime with the prospect of maintaining it in a stable manner.

They took the warranty period into account in order to arrive at the selection of critical

factors that provide the most optimized solution over time. They used the thermostat ex‐

ample of Bullington et al. [14] and implemented the above method with a simulated ex‐

periment on ready-made artificial data. They concluded that factor E is predominantly

significant at the 10th percentile. However, with respect to the scale parameter, screening

variability identified that the most critical factors were E and H.

Lv et al. [23] noted that the objective of most existing research material is reliability

improvement through maximization of product lifetime. However, in real manufactur‐

ing, the objective is not only this but also the minimization of changes in product perfor‐

mance. An efficient way to achieve this is through robust parameter design.

Nevertheless, the existence and observance of specific experimental protocols ignores

the presence of certain experimental randomization factors. In this study, the authors at‐

tempt to achieve real optimization when the experiment is not fully randomized. More

specifically, they used a Bayesian-based Weibull-fitted model for batch factors or experi‐

mental constraints. Bayesian posterior intervals declared whether a factor is significant

or not. The optimal factor levels were determined with a multi-criteria optimization

model that accounts, in reliability, for the reduction in total manufacturing cost, maxi‐

mization of thermostat lifetime, and minimization of lifetime variance. The most impor‐

tant parameters appeared to be C, E, G, H, and I with respect to the scale parameter,

while C, E, H, I, and K were important with respect to the shape parameter. Finally, they

found that the best factor levels differ for each warranty period. These results may not

have direct practical application since the product formulation is determined once, dur‐

ing product and process design, and it cannot be modified continuously afterwards

while the product is manufactured.

Besseris [24] proposed a distribution-free method for full or fractional product- reli‐

ability and yield improvement. Reliability performance estimation is often correlated to

product yield, thus knowing the performance of one characteristic may also imply the

behavior of the other. With this proposed method, a multifactorial problem for reliability

or yield optimization can be approached regardless of whether a full or fractional facto‐

rial experimental design is studied, in replicated or unreplicated form, while simultane‐

ously handling censoring. The technique uses modified Wilcoxon–Mann–Whitney order

statistics (the Halperin approach) and simultaneously examines factor effects and their
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2. Methodology

2.1. Data and Purpose of the Research

interactions. The technique is applied to four case studies, one of which is the thermostat

case [14]. The flexibility of the method is demonstrated in moving from reliability-data

to yield-data assessment without the need for computational iterative and resampling

solvers, while bypassing the reliability distribution identification phase.

Wang et al. [25] introduced a posterior preference articulation approach for reliabil‐

ity improvement experiments, taking into account the loss costs of the manufacturer and

the customer. As they report, the Design of Experiments in combination with the war‐

ranty period contributes to identifying the significant experimental factors for the prod‐

uct life cycle. A renewal process is presented within the warranty period to describe the

manufacturer’s loss cost. At the same time, a stress–strength model was used to describe

the loss cost within the lifetime predicted by the design. The loss cost for the manufac‐

turer and for the customer was calculated. They used the example of Bullington et al.

[14] to explain the difference between the warranty time, which concerns the product re‐

liability pursued by the manufacturer, and the design lifetime, which concerns the relia‐

bility pursued by the customer. They investigated the optimal factor levels that keep the

manufacturer’s cost reduced and the customer’s cost below a certain value.

This work introduces the compounding of interaction effects in the factorial screen‐

ing of product/process lifespan behavior. Inserting interaction effects in multifactorial

experiments permits the model to take into account interdependent, nonadditive effects

among process controls, and hence to greatly expand the main-effects model, aiming to

identify collaborative factor dependencies that govern the product lifespan. Guiding the

product reliability requires the synergistic discovery of joint mechanisms which in turn

promotes accurate profiling by considering factor interdependence, and thus prevents

biased or incomplete process control adjustments. This work examines the influence of

the ‘core five’ reliability distributions (Weibull, lognormal, normal, exponential and

smallest extreme value) on the effect activeness. A “triple sieving” approach is enforced

on the added interaction terms so as to arrive to a final effect profiling that contains a so‐

lution with active controlling factors and two-factor interactions. No new algorithm is

needed to be created. The sequence of required statistical treatments has been devised

such that the data analysis is performed on a mainstream statistical software to enhance

the reproducibility of the predictions. The combination of applying successively diag‐

nostic tools and techniques is unique to this study.

The response of the study was the lifetime of a product. More specifically, a review

of the previous literature was carried out in order to determine the evolution of the way

the experiment concerning product time-to-failure analysis, originally set by Bullington

et al. [14], has been addressed. In particular, the product examined was an industrial

thermostat, and the statistical analyses were conducted within the context of the prelimi‐

nary design of the multistage manufacturing and assembly process for its production.

The data used in the present study are based on the Bullington et al. [14] study. It re‐

quired the execution of 12 experimental recipes, involving 11 different factors that could

affect the lifetime of each thermostat. The 11 coded controlling factors and their two set‐

tings in parenthesis in brief were (A) diaphragm plating rinse (correct

rinse/contaminated), (B) current density (60/15 amps), (C) sulfuric acid cleaning (3/30 s),

(D) diaphragm electroclean (2/12 min), (E) beryllium copper gran size (0.008″/0.018″), (F)

stress orientation (perpendicular/in-line), (G) humidity (“wet”/“dry”), (H) heat treat‐

ment (45 min/4 h), (I) brazing machine (no/excess cooling water), (J) power element elec‐

troclean (correct rinse/contaminated), and (K) power element plating rinse (correct
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2.2. Identification of Significant Candidate Interactions in Lifetime

rinse/contaminated). The response data involved 10 repetitions for each run. For each

trial run, the failure times were recorded with censoring. In the trial design the Plackett–

Burman L  planner was adopted at two-settings, for eleven controlling factors, requir‐

ing 12 factorial combinations. Otherwise, 10 × 2  (=20,480) factorial experiments would

have had to be conducted. Exploiting the DOE rapid data collection and analysis tactics

promotes faster research completion. The factors evaluated and their responses under

various combinations of levels are presented in Table 1 of Bullington et al. [14]. The re‐

searchers had set a censoring limit at 7,342,000 cycles in an accelerated form of trial exe‐

cution so as to complete the experiments in a reasonable time frame.

12

11

The statistical analysis and the extraction of results were performed using Minitab

software [21], while applying different models and distributions. The distributions ap‐

plied were Weibull, lognormal, exponential, normal, and smallest extreme value.

The objective of the study was to select the factor effects or their interactions that

yield the maximum lifetime until product failure, as well as to provide a comparative

overview of the results among all the applied models.

The presentation of the dataset case study commences by the use of the Interaction

Plot in the software package Minitab [21] to examine candidate interactions that may be

of potential significance, from which certain possible interactions were screened and se‐

lected. Quantifying interactions in production trials is pivotal because it reveals con‐

cealed, nonlinear relationships between factors that one-variable tests ignore. This is be‐

cause the potency of one independent factor is not the same for all settings of the other

independent factor. Interaction is a complex multivariable influence which contributes

more accurate information than a simplified main effect. Identifying the presence of in‐

teractions prevents costly production defects, and optimizes true product/process per‐

formance. Dismissing interaction effects may lead to false optimization, overlooking the

true peak performance adjustment that only exists at a specific combination of both fac‐

tors. Two-factor interactions are easily depicted in the interaction plot.

The interaction plot quickly summarizes the core visual evidence of potentially

many two-way interaction combinations. In the illustrating thermostat example, there

are 11 controlling factors and thus 55 two-way interactions to consider. Applying a re‐

gression model to a total of 66 potential effects with only 120 censored datapoints—of

unknown distribution—might instigate serious overfitting concerns. The interaction plot

furnishes a qualitative portrayal with respect to the degree of interaction present be‐

tween two controlling factors. Visual depiction of an interaction relays the non-parallel‐

ism of parameter effects. When strong interactions occur between the parameters, lines

cross in the individual interaction subplots. This type of empirical information quickly

eliminates those factorial pairs that do not fit the strong interaction motif and hence

greatly shortens the search list of effects for the multifactorial screener.

Based on the objective set for this study, all factors first had to be examined in terms

of their two-way interactions, in order to investigate which of these candidate interac‐

tions might be nominated for further statistical examination. For this reason, statistical

processing was carried out in Minitab using ANOVA, and the interaction plot was ob‐

tained. The interaction plot is a 12 × 12 matrix in which the mean values of the depen‐

dent (lifetime) variable are shown for all factors and at all their levels. The axis scales are

appropriately configured to allow a quick identification of each two-way interaction on

display. In general, the appearance of parallelism between the two lines indicates no in‐

teraction, whereas an indicative crossing between same-factor levels implies that a

strong interaction may be present. Thus, through the interaction plot, it was possible to
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2.3. Examination of Interactions and Factors Using the Screening Model

2.4. Examination of Candidate Interactions and Factors Using the Regression with Life-Data

Model

filter out those candidate interactions that could receive subsequent data analysis.

The candidate interactions selected in the previous step were entered into the

screening model (Minitab). The combination of the Lenth method in a Pareto chart gen‐

erated the statistically significant effects and interactions based on the Lenth statistical

estimator [26]. This screening design removes the remaining model terms from further

consideration on the individually selected reliability distribution. This method was cho‐

sen because it allowed the exploration of all factor effects with a moderate number of tri‐

als, while allowing to enter in the next step the influence in the reliability predictions

due to interactions [27].

The calculation of the required response for lifetime response until failure (LF) can

be treated, based on the screening model, as a linear equation containing interaction

terms. The relationship describing it is based on least-squares regression and is:

where β  is the constant term,  is the ith factorial coefficient,  is the ij  interaction co‐

efficient, X  are the main factorial settings, XX  are the settings for the candidate interac‐

tions between two factors, and ε is the experimental error. In a least-squares regression

model, the regression coefficients indicate the change per unit change in a factor vari‐

able, while the interactions indicate the changes between high and low levels [4,5,13].

The analysis was performed using ‘Stepwise Selection of Terms’, with levels of overall

significance: (1) ‘α to enter’ = 0.15 and (2) ‘α to remove’ = 0.15. The stepwise regression is

geared toward early-stage screening with its selection criteria to be judged against the

default threshold value of 0.15—automatically set by the MINITAB software—because it

counterbalances the exploratory model building while preventing active regressors from

being prematurely excluded and simultaneously avoiding overfitting.

LF =β
​

+
​

β
​

X
​

+
​

β
​

X
​

X
​

0
∑ i i ∑i < j ij i j
i

(1)

0 β
​

i β
​

ij
th

i i j

The ‘α-to-enter’ and ‘α-to-remove’ values determine, in combination with the p-

value of a variable, whether that variable will be removed from or added to the process

of adding or deleting predictors in the model, according to the F-test up to a specific

number of degrees of freedom. The ‘α-to-enter’ value denotes the maximum p-value a

variable (factor or interaction) is allowed to possess so as to be retained in the model.

The ‘α-to-remove’ is a threshold in which if the p-value of a variable is higher than that

limit, it does not possess the statistical significance to be included in the regression

model. Thus, stepwise selection of factors and interactions is performed through succes‐

sive forward selection and backward elimination procedures until the degrees of free‐

dom are fully utilized [26]. The Anderson–Darling (adjusted) statistic was used as the

main criterion for determining the goodness of fit owing to the screening model, and ac‐

cording to the “Analyze Screening Design” option in the “DOE-Screening” MINITAB

module.

At a subsequent stage of the study, the “Regression with Life Data” model was used

to determine the probability that certain factors and candidate interactions identified in

the screening phase affect the product’s time to failure in association to particular relia‐

bility distribution. This model contributes to the straightforward explanation of the

rapid failures due to some factor settings and the long-term survival of others. This re‐

gression model has the advantage of being able to accommodate censored data and mul‐
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tiple distribution forms.

The relationship describing a life-data regression model is:

where Y  is the failure time or its logarithm, β  is the constant representing the intercept

with the y-axis, β  … β  are regression coefficients, x  … x  are predictor values, σ is the

inverse of the shape for the Weibull distribution or the scale for other distributions, and

Φ (p) is the p  quantile of the standardized life distribution [8,13,27].

Y
​

=β
​

+β
​

x
​

+…+β
​

x
​

+ σΦ (p )p 0 1 1 k k

− 1 (2)

p 0

1 k 1 k

−1 -th

Five reliability distributions were assessed using regression modeling. Specifically,

the Weibull, lognormal, exponential, normal, and smallest extreme value distributions

were examined.

More specifically, for the probability density function for the Weibull distribution (α,

λ) is defined by the parameters α > 0 and λ > 0, being the shape and the inverse of the

scale, respectively. It is expressed as follows:

f (t) =
​

⎩⎪
⎨
⎪⎧

​αλ t e ,     if   t ≥ 0
α α − 1 −( λt )α

0 ,   otherwise

(3)

The failure-rate function of this distribution is given in Equation  .

When 0 < α < 1, λ(t) decreases, and when α > 1, it increases. If α = 1, λ(t) has a constant

value corresponding to the exponential distribution [8].

λ (t) = αλ t
α α − 1

The smallest extreme value distribution represents the behavior of a random vari‐

able t which follows a Weibull distribution and its data points have been converted to

logarithmic values (ln(t)). The probability density function of the smallest extreme value

distribution can be described as follows if the location and scale parameters are μ and σ

(σ > 0), respectively:

f (t) =
​

  exp(
​

) exp[− exp(
​

)]
σ

1

σ

t − μ

σ

t − μ
(4)

The exponential distribution is a continuous distribution of a variable t with the fol‐

lowing probability density function and rate parameter  :λ

f (t) =
​

⎩⎪
⎨
⎪⎧

​λe ,     if   x > 0   and   λ > 0− λt

0 ,   otherwise

(5)

The normal distribution of a variable t is defined by the following probability den‐

sity function with parameters the mean value μ and standard deviation σ:

f (t) =
​

exp
​

−
​

(
​

)
​

σ
​

√2π

1

⎝

⎛

2

1

σ

t − μ
2

⎠

⎞
(6)

The probability density function of the lognormal distribution is:

where μ is the mean of the natural logarithm of the variable, and σ is the standard devia‐

tion of the natural logarithm of the variable for t > 0 [28].

f (t) =
​

exp
​

−
​ ​

tσ
​

√2π

1

⎝
⎜
⎜
⎛

2σ2

(ln (t) − μ)
2

⎠
⎟
⎟
⎞

(7)

The maximum likelihood principle was used to choose among the different reliabil‐
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ity distribution models, and according to the “Regression with Life Data” option in the

“Reliability/Survival” MINITAB module. Supportive information was also provided by

using the Akaike Information Criterion (AIC) and the Bayesian Information Criterion

(BIC). The outline for the statistical analysis steps is shown in Scheme 1.

Scheme 1. The sequence of statistical processing of the factorial censored lifespan dataset.
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3. Results

The presentation of results commences with the application of the interaction plot.

Figure 1 illustrates all two-way candidate interactions in coded controlling factor mode,

covering factors A to K (MINITAB 18). The visualization of the interaction strength level

is empirically detected by selecting those relationships that manifest an evident crossing

between factorial levels.

Figure 1. Interaction plot (MINITAB 18) for the eleven controlling factors of ref. [14] (vertical axis

is the lifetime scale-all factorial levels are in coded form).

Based on the interaction plot, all two-way interaction combinations appear to be ei‐

ther weak or strong; there is no interaction relationship that may be deemed as “no inter‐

action”. The candidate interaction combinations that could be retained for a subsequent

analysis are a total of nine pairs (out of a total of 55 two-way interactions): AJ, AK, BD,

BF, CG, CI, DF, GI, and JK.

The next step is to consider the potency of the original 11 effects along with the nine

candidate interactions for screening. All 20 nominated terms were entered for processing

in the “Screening Design Model” module (MINITAB 18). The screening analysis of the

lifetime dataset generated a Pareto chart for the standardized effects (Figure 2). The

Pareto chart provided two types of information: (1) the activeness of the

effects/interactions, and (2) the hierarchy of the effects/interactions. The selection thresh‐

old has been estimated by the Lenth method on the absolute values of the standardized

effects. The Pareto bar values correspond to Lenth modified t-statistics for each

effect/interaction in order to test the null hypothesis of effect inactiveness. The nomi‐

nated effect/interaction group has been dichotomized based on the Lenth cutoff estimate

value of 1.450, represented by a reference line on the drawn Pareto chart. The estimated

cutoff point corresponds to a selected significance level of α = 0.15 (automatically as‐

signed by the software package MINITAB 18), which is applied to all effects and candi‐

date interactions. Factors or interactions located to the right of the reference line are con‐

sidered statistically significant and are retained for further analysis, whereas those lo‐

cated to the left are considered weak, therefore, they are excluded from further investi‐
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gation. In summary, according to the Pareto chart analysis, the active group of control‐

ling factors and candidate interactions are listed in terms of descending order of

strength: E, G, H, BD, K, AJ, F, and CI. It is observed that 5 out of the 11 controlling fac‐

tors and 3 out of the 9 interactions are retained for the next phase of the analysis.

Figure 2. Visualization of screening statistically significant factors and interactions using a combi‐

nation of a Pareto chart and the Lenth test.

The presence of increased dispersion, outliers, and certain deviations from the nor‐

mal behavior of residuals is confirmed in Figure 3. The instability in the constructed nor‐

mal probability plot is evident, as it is explained by the right skewness of the residuals in

the histogram, as well as accentuated localities in the residuals versus fitted values plot,

and residuals versus observation order plot. The Anderson–Darling test further con‐

firmed the existence of severe deviations in the fitted model, with a p-value < 0.005.

Furthermore, Table 1 demonstrates the statistical significance of each contribution

against an individual significance level of α = 0.05 in the multifactorial ANOVA treat‐

ment, which also indicated that there is no lack of fit in the proposed model (Table 1A).

On the same note, the linear model appears to be statistically significant (p-value <

0.001). The dominant effects appear to be the beryllium copper grain size, the humidity

and the heat treatment. Similarly, the predominant interaction is identified between the

factors regarding the current density and the diaphragm electrocleaning. From Table 1B,

it is shown that the existing model explains about 75% of the variability in the lifetime

dataset. From Table 1C, it is also observed that out of the five effects, four of them have

negative effect on controlling lifetime behavior, while all three candidate interactions

have positive contribution. Finally, it is noted that the variance inflation factor estima‐

tions were maintained low (VIF < 4) for all considered effects and interactions, indicating

that multicollinearity does not distort substantially the regression results.
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Figure 3. Four-way residual plots for the lifetime dataset screening process.

Table 1. Screening Design Model lifetime results using stepwise selection terms for α = 0.15

(MINITAB 18).

(A) Analysis of Variance Results

Source DF Adj SS Adj MS F-Value p -Value

Model 8 701,013,513 87,626,689 46.19 0.000

 Linear 8 701,013,513 87,626,689 46.19 0.000

  E 1 46,480,564 46,480,564 24.50 0.000

  F 1 13,435,776 13,435,776 7.08 0.009

  G 1 45,391,040 45,391,040 23.93 0.000

  H 1 34,109,548 34,109,548 17.98 0.000

  K 1 22,395,830 22,395,830 11.81 0.001

  AJ 1 20,815,481 20,815,481 10.97 0.001

  BD 1 27,461,524 2,7461,524 14.48 0.000

  CI 1 7,645,486 7,645,486 4.03 0.047

Error 111 210,562,898 1,896,963    

  Lack-of-Fit 3 16,363 5454 0.00 1.000

  Pure Error 108 210,546,535 1,949,505    

Total 119 911,576,411      

(B) Model Summary

S R2 R  (Adj)2 R  (Pred)2

1377.30 76.90% 75.24% 71.50%

(C) Coefficients of Regression

Term Coef SE Coef T-Value p -Value VIF

Constant 1693 126 13.47 <0.001  

E −730 147 −4.95 <0.001 1.38

F 516 194 2.66 0.009 2.37
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G −948 194 −4.89 <0.001 2.37

H −625 147 −4.24 <0.001 1.37

K −666 194 −3.44 0.001 2.37

AJ 765 231 3.31 0.001 3.38

BD 879 231 3.80 <0.001 3.37

CI 464 231 2.01 0.047 3.37

The final phase of the analysis was to perform lifetime regression by screening si‐

multaneously the effects and the candidate interactions that were retained from the

Pareto/Lenth analysis phase. To complete this phase the original lifetime dataset [14] was

fitted to the five available reliability distributions using the MINITAB 18 software. The

screened statistical distributions were modeled according to the following functions: (1)

Weibull, (2) smallest extreme value, (3) exponential, (4) normal, and (5) lognormal.

The lifetime dataset has been fitted using regression for the Weibull distribution,

which also accounted for the 22 censored observations (out of 120 datapoints). The maxi‐

mum likelihood estimations of the predictors are listed in Table 2. Individually, all fac‐

tors and candidate interactions, including the constant term, are significant on a level of

α = 0.05. It is noted that four of the factors have negative effect on controlling lifetime be‐

havior, while all three candidate interactions have positive contribution. Factors E, G, H,

K and F appear to be statistically significant, while interactions AJ, BD and CI are all

comparably active. Similar observations may be drawn after fitting the lifetime dataset

using the smallest extreme value distribution (Table 3). Increasing contributions are

identified to factor F and all three candidate interaction terms for both reliability models.

The results are differentiated when using the exponential distribution (Table 4). In this

case, factors F and K appear inactive as well as the CI interaction. AJ remains the

stronger interaction effect, whereas the factorial effects G and E are the most dominant.

Assuming a normal distribution (Table 5) only eliminates the CI interaction, and still de‐

tects E, G, H and K as being on par in strength. Finally, assuming a lognormal distribu‐

tion, factor H appears statistically insignificant (Table 6). Factors G, E and K are similarly

strong and factor F should also be retained. All three candidate interactions appear influ‐

ential and they should be included in the structural modeling.

Table 2. Lifetime regression results using MLE for estimating effects: censored Weibull distribu‐

tion (MINITAB 18).

    Standard

Error

    95.0% Normal CI

Predictor Coef Z p Lower Upper

Intercept 6.68838 0.0658155 101.62 <0.001 6.55939 6.81738

E −0.545427 0.0632514 −8.62 <0.001 −0.669397 −0.421456

F 0.446519 0.150139 2.97 0.003 0.152252 0.740787

G −0.677562 0.141217 −4.80 <0.001 −0.954343 −0.400781

H −0.215172 0.0619007 −3.48 0.001 −0.336495 −0.0938491

K −0.452696 0.150166 −3.01 0.003 −0.747016 −0.158376

AJ 0.680422 0.164399 4.14 <0.001 0.358206 1.00264

BD 0.493650 0.165305 2.99 0.003 0.169658 0.817642

CI 0.354186 0.133858 2.65 0.008 0.0918292 0.616542

Shape 1.85668 0.150871     1.58332 2.17723
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Table 3. Lifetime regression results using MLE for estimating effects: censored smallest extreme

value distribution (MINITAB 18).

    Standard

Error

    95.0% Normal CI

Predictor Coef Z p Lower Upper

Intercept 2210.87 61.1422 36.16 <0.001 2091.03 2330.71

E −970.763 56.7938 −17.09 <0.001 −1082.08 −859.449

F 883.747 137.053 6.45 <0.001 615.129 1152.37

G −1112.46 129.158 −8.61 <0.001 −1365.60 −859.311

H −870.401 56.7183 −15.35 <0.001 −981.567 −759.235

K −883.750 137.053 −6.45 <0.001 −1152.37 −615.132

AJ 1057.33 150.436 7.03 <0.001 762.477 1352.17

BD 1006.16 150.586 6.68 <0.001 711.016 1301.30

CI 795.672 122.346 6.50 <0.001 555.879 1035.46

Scale 491.701 47.4968     406.891 594.189

Table 4. Lifetime regression results using MLE for estimating effects: censored exponential distri‐

bution (MINITAB 18).

    Standard

Error

    95.0% Normal CI

Predictor Coef Z p Lower Upper

Intercept 6.75291 0.122191 55.27 <0.001 6.51343 6.99240

E −0.662282 0.114552 −5.78 <0.001 −0.886801 −0.437764

F 0.459865 0.278731 1.65 0.099 −0.0864374 1.00617

G −0.880806 0.259373 −3.40 0.001 −1.38917 −0.372444

H −0.268514 0.114552 −2.34 0.019 −0.493032 −0.0439959

K −0.484461 0.278731 −1.74 0.082 −1.03076 0.0618412

AJ 0.771910 0.304911 2.53 0.011 0.174296 1.36952

BD 0.659514 0.304932 2.16 0.031 0.0618583 1.25717

CI 0.329861 0.248487 1.33 0.184 −0.157165 0.816887

Shape 1          

Table 5. Lifetime regression results using MLE for estimating effects: censored normal distribution

(MINITAB 18).

    Standard

Error

    95.0% Normal CI

Predictor Coef Z p Lower Upper

Intercept 1889.54 150.373 12.57 <0.001 1594.81 2184.26

E −827.889 170.061 −4.87 <0.001 −1161.20 −494.577

F 519.782 249.356 2.08 0.037 31.0540 1008.51

G −1181.80 245.543 −4.81 <0.001 −1663.06 −700.549

H −723.272 170.061 −4.25 <0.001 −1056.58 −389.960

K −721.981 247.895 −2.91 0.004 −1207.85 −236.116

AJ 905.130 288.143 3.14 0.002 340.381 1469.88

BD 1070.93 292.244 3.66 <0.001 498.142 1643.72

CI 425.933 278.452 1.53 0.126 −119.824 971.689

Scale 1575.40 118.626     1359.24 1825.93
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Table 6. Lifetime regression results using MLE for estimating effects: censored lognormal distribu‐

tion (MINITAB 18).

    Standard

Error

    95.0% Normal CI

Predictor Coef Z p Lower Upper

Intercept 6.35446 0.0740355 85.83 <0.001 6.20936 6.49957

E −0.586866 0.0829145 −7.08 <0.001 −0.749375 −0.424356

F 0.299717 0.125964 2.38 0.017 0.0528313 0.546602

G −0.605316 0.123023 −4.92 <0.001 −0.846436 −0.364196

H −0.120664 0.0829145 −1.46 0.146 −0.283174 0.0418450

K −0.505040 0.123983 −4.07 <0.001 −0.748042 −0.262038

AJ 0.426607 0.142183 3.00 0.003 0.147934 0.705280

BD 0.552054 0.147672 3.74 <0.001 0.262622 0.841485

CI 0.332364 0.137946 2.41 0.016 0.0619949 0.602733

Scale 0.766255 0.0569572     0.662372 0.886431

The corresponding p-values associated with each factor and candidate interaction

under different distribution fitting tests are listed in Table 7, also tabulating the log-like‐

lihood score.

Table 7. Comparative results of the lifetime regression with various reliability distributions.

Effect p-Values per Distribution Type

Regressor Weibull Smallest Extreme Value Exponential Normal Lognormal

E <0.001 <0.001 <0.001 <0.001 <0.001

F 0.003 <0.001 0.099 0.037 0.017

G <0.001 <0.001 0.001 <0.001 <0.001

H 0.001 <0.001 0.019 <0.001 0.146

K 0.003 <0.001 0.082 0.004 <0.001

AJ <0.001 <0.001 0.011 0.002 0.003

BD 0.003 <0.001 0.031 <0.001 <0.001

CI 0.008 <0.001 0.184 0.126 0.016

Log-Likelihood −664.229 −806.779 −686.086 −879.211 −681.924

AIC 1344 1630 1388 1774 1380

BIC 1366 1652 1410 1796 1402

The statistical significance of factor E (beryllium copper grain size) is confirmed

across all tested reliability distributions. The influence of factor G (humidity) is also ex‐

pected to deliver the same level of influence in controlling the lifetime performance ac‐

cording to all modeling efforts. Factor K (power element electrocleaning) and H (heat

treatment) appear active with respect to four out of five reliability models; several varia‐

tions in significance values are observed depending on the choice of the distribution

model—excluding the exponential model. On the other hand, interaction AJ (between di‐

aphragm plating rinse and brazing machine) is consistently present in all reliability

model fittings providing estimations with high significance values. Additionally, interac‐

tion BD (between current density and diaphragm electrocleaning) is considered a strong

contribution in all five models. Factor F appears to be significant across all distributions,

with varying estimations, except in the case of fitting the exponential distribution. Factor

H appears significant in the fittings of Weibull, Smallest Extreme Value, and Normal dis‐
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tributions, while it is not significant with regard to the Lognormal distribution.

Interaction CI is significant in three reliability models, but not when modeled to

Exponential and Normal distributions. It is also noted that even between the

Exponential and Lognormal models, which exhibit similar predictive performance, the

values of the terms CI, F, and K are highly inconsistent in strength.

Based on the log-likelihood values, the Weibull distribution model shows the best

predictive performance (−664.2). However, the predictions by the lognormal and expo‐

nential models are not statistically afar. If the decision scenario was involving a cumula‐

tive inference from those three reliability models then, factors A and G, as well as inter‐

actions AJ and BD should be included in further modeling considerations. The compari‐

son of the models agrees to the same prioritization of the models using the decision rule

for lower values of the AIC and BIC estimations in Table 7.

The normal, lognormal, Weibull, exponential, and smallest extreme value distribu‐

tions were chosen as default distributions by the MINITAB software to initiate a distri‐

bution screening procedure. The five selected distributions are fundamental in reliability

engineering because their mathematical properties map directly to physical failure

physics, wear-out mechanics, and weakest-link behavior. Other reliability distributions

(such as gamma, log-logistic, or generalized gamma) are often omitted as primary de‐

faults because they add unnecessary mathematical complexity, require larger sample

sizes to estimate extra parameters (censoring and parameter overhead), and offer redun‐

dant physical interpretations compared to this core five. Adding extra parameters (such

as a threshold or third shape parameter) makes maximum likelihood estimation unsta‐

ble or impossible with small sample sizes.

Different reliability models are limited by different theoretical assumptions.

Controlling factors and their associated interaction terms, which have been identified as

active predictors in all tested models, may be viewed as “surviving” effects because they

influence the lifetime response: (1) under constant failure rate (memoryless trait) in ran‐

dom not-aged component failures (exponential distribution), (2) under symmetrically

clustered failures with a low variability time-to-failure mean value (normal distribution),

(3) under cumulative multiplicative degradation processes (lognormal distribution), (4)

under a flexible shape-based lifetime behavior which adapts to a “weakest-link” physi‐

cal model (Weibull distribution), and (5) under weakest-link modeling to extreme mini‐

mum stress/breakdown phenomena (smallest extreme value distribution). With respect

to contradictory results, not-all-model-consensus effects may require further exploration

by incorporating in the research methods sensitivity analysis exercises while integrating

additional field data.

The results which were presented in this work concern operational situations in

which quick information on the reliability condition of a product or process is needed

under manufacturing constraints in time and resources. The use of fractional factorial

designs expedites the lifetime data collection process. At times, this might be a single

historical event, during which important decisions may be taken, to either immediately

consider the predicted behaviors to future process/product modifications, or proceed to

additional rounds of experimentation, if time, resources and engaged processing units

are permitted to become available. Pragmatic industrial trials are conducted on the pro‐

duction line; the example that was elucidated in this case study involved a range of pro‐

cesses on the production line. This means that operational availability is a major issue

that decisively restricts the extent and the duration of manufacturing research trials be‐

cause it removes income-generating flows from the daily production schedule. Under a

limited experimentation outlook then, factorial screening may be conducted and its gen‐

eralizability should be assessed. The proposed approach demonstrated that it took ad‐
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4. Discussion

vantage of lifespan multifactorial data and attempted to extract from them potential in‐

teraction contributions. Under ordinary conditions, a much larger amount of data would

be required to question the potential influence of interactions. On the other hand, direct

estimations of all two-factor interactions were not possible in an ordinary life-data re‐

gression model due to realizable software constraints. Furthermore, directly evaluating

all possible interactions at once—in the absence of previous knowledge—would raise se‐

rious overfitting concerns due to their large number (55) of interactions against a re‐

stricted lifetime sample (120 data points). Therefore, the first step to nominate some in‐

teractions was to assess the visualized information which was generated from the classi‐

cal interaction plot. Strong candidate pairs are easily identified within the exhaustive in‐

teraction subplot combinations, but they are not statistically confirmed. After this first

filtering, factorial screening ensues using the complementary treatment of Pareto graph

and Lenth test to identify which active terms to retain. The results may be generalizable

if the active group of effects substantially separate from the weaker ones even in the case

where model assumptions do not hold. At this stage, it is not expected to hold because

the reliability reference law that governs the investigated process is still at large.

Uncertainty in describing lifetime datasets begins with choosing a suitable distribution,

because the normal behavior of the lifetime dataset is never guaranteed. Therefore, the

final stage will identify those effects that manage to stand out in all five reliability distri‐

bution screenings, if such effects exist. Otherwise, further exploration may be needed

with additional data to test deeper the corresponding model assumptions.

In a nutshell, the physical mechanisms behind the final main-effect regressor list

may be summarized as follows [14]: (1) the active power element plating rinse is impor‐

tant in the tin-coating of the power element, in connection to electrolytic residue re‐

moval, (2) the grain size of the beryllium copper affects the resistance on stresses due to

forming, convoluting and shearing, (3) the heat treatment induces tensile strength loss

leading to premature diaphragm failures, (4) humidity interferes with contaminating the

power element, and (5) stress orientation in the diaphragm influences failure modes in

the power element. Correspondingly, the interaction-based regressors imply: (1)

Diaphragm electrocleaning quality may interact with the tin plating current density in

regulating nodularity, (2) preceding sulfuric acid cleaning quality may interact with the

heat quenching process of the power element, and (3) the preceding successive primary

and secondary rinse quality may interfere with power element electrocleaning effective‐

ness, since a contaminated bath may induce diaphragm corrosion.

Realizing that the thermostat case study was not a trivial one, the researchers [14]

attempted several methods to predict the significance of the examined controlling fac‐

tors. In one version, using a lognormal distribution in regression analysis, it was shown

that all 11 factors were active. However, by treating the lifetime dataset with pooled-

ANOVA, only factors E and H were found significant and only those two were taken in

account in follow-up process correction. Unlike the literature, we have demonstrated the

potential effect of candidate interactions on screening.

The influence of candidate interactions was also not assessed in the bootstrap analy‐

sis of the same thermostat lifetime dataset [18]. Percentile bootstrapping inferred that

factors C, E, G, H and J were important; there is disagreement with regard to our work

on inclusion of factors C and J. Moreover, factors B, D and F are added in the previous

list if the bias-corrected percentile bootstrapping and bias-corrected accelerated per‐

centile bootstrapping are employed. Only F is to be retained in comparison to the screen‐

ing results of our method. In order to clarify and better understand how the solution to
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the same problem differs when using the aforementioned methods, an evaluation com‐

pared to previously published approaches is also required.

The present study employed Design of Experiments (DOE) in order to perform an

appropriate statistical analysis of the factors and their candidate interactions that could

cause variation in the product’s operational reliability. Since failure data analysis is heav‐

ily influenced by suitably adopting a reliability distribution, the task of choosing from a

broad range of available models may become challenging. Using the Bayesian variable

selection procedure for the lognormal distribution, only factors E and H, as well as their

two-way candidate interaction were found to be statistically significant [16]. This

Bayesian solution agrees to the two factors when compared to the screening active effect

list from our work, but there is disagreement as far as the respective effect of their

interaction.

Censoring is an anticipated condition in planning to collect reliability data. This

complication requires more specialized statistical approaches to be considered in order

to accommodate any of the selected reliability distributions to complete the structural

modeling task. Lv et al. [19] re-examined the thermostat dataset by incorporating in the

statistical formulation process a random effect model, while assuming a smallest ex‐

treme value distribution, which also could handle censored datasets in maximum likeli‐

hood estimations. Surprisingly, this model found that all effects were significant, exclud‐

ing only the influence of factor F. This finding was in conflict to the original prediction

by Bullington et al. [14], Wu and Hamada [16], Wang et al. [18] as well as the results

which were obtained from the present work. By intervening on the original thermostat

dataset and replacing the “weak factor F” to the interaction EH, then, the new model es‐

timations showed that factors E and H, along with the interaction EH are the influential

model terms [19] which is also substantially differentiated from the original study [14] in

addition to previous resampling efforts [18]. Posterior preference articulation may also

rely on factors E and H being the strong regressors in reliability improvement against

costs of manufacturer and customer [25]. However, customer’s loss function cannot be

assumed to be linear according to Taguchi’s philosophy [5]. Meanwhile, the Weibull

model assumption may not be relevant to all real scenarios according to Wang et al. [25],

since in reliability problems it is the lifetime dataset that would dictate the behavior. This

in turn may multiply the number of modeling schemes that an engineer needs to take in

account in order to perhaps approximate a viable solution.

The residuals obtained from the above plots showed that the data distribution is not

fully normal, mainly due to the presence of many scattered residual outliers, high vari‐

ability in the values, and heteroscedasticity. For this reason, it may not be possible to ac‐

curately describe the data using a single simple linear model. However, according to the

results obtained, our approach in this study may be viewed as beneficial since it consid‐

ers the behavior of the thermostat dataset from the perspective of five different reliability

distributions which remain popular in reliability engineering applications of improving

product/process lifetime behavior.

In this work, there was no special treatment for censored values. We kept the

methodology simple. In the interaction plot (Figure 1), each cell is a subplot. Each sub‐

plot comprises four graphed points. Each point on the subplot is a mean of 30 datapoints

(=120/4). The 22 censored points are dispersed within the 120 total datapoints. We usu‐

ally accept 30 points as an adequate amount of data to at least estimate a mean. Any in‐

fluence of censored values is only going to exaggerate the high setting of one factor with

the low setting of the other in order to exhibit the “crossing lines” pattern. It is not a ter‐

minal decision that indeed those interactions are strong at this stage. This will be

checked statistically in the next (screening) phase (Table 1 & Figure 2) in order to be
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deemed appropriate to enter the reliability modeling phase and finally be checked on

the respective reliability distributions, which include normal and non-normal options.

The proposed approach introduced a triple-layer screening using: (1) a graphical in‐

teraction screening, (2) a statistical factorial screening, and (3) a distribution analysis of

the screened results. It was shown that even though the normality of residuals was not

attained, however, the Pareto graphing in concert with the Lenth test offered a sharp

separation of active and inactive factorial/interaction effects as it was shown in Figure 2.

The proposed approach was conceived for situations where available FFD data for cen‐

sored observations cannot receive augmented interaction effect analysis in the life-data

regression framework given the fact that involving all possible two-way interactions in

the regression model would be prone to overfitting; the particular case study would ex‐

pect 55 interaction terms in the structural model.

In this work, the location estimator was maintained to be the mean of the sampled

data points as it was intended in all past works that investigated the industrial thermo‐

stat problem [14,16,18,19,22]. The location estimator is also consistent with the ANOVA

results that were obtained in the original research (Tables 4 and 7 in ref. [14]), as well as

the performed regression analysis outcomes (Tables 5–7 in ref. [14]), which included the

sampled censored values. There might be a limitation in using censored observations in

the overall estimation scheme. However, multi-parameter Kaplan–Meier comparison

methods were not available in the implemented software application to contrast simulta‐

neously the candidate interactions.

Violations of model assumptions may be critical if tested effects have narrow mar‐

gins of magnitude between them and with respect to the threshold limit on the Pareto

graph/Lenth test screening plot (Figure 2). However, in the illustrating example, strong

and weak effects have been grouped distinctly in the two classes such as the strong

group of effects to proceed to the final screening requirement using multi-distributional

life-data regression. On the other hand, contested effects around the threshold limit may

be included in the final screening that follows, even if they are under the limit but in

proximity. Violations on the Pareto/Lenth test screening is expected because the reliabil‐

ity reference law is still at large at this phase. However, the fitness of the proper distribu‐

tion is examined in the next (third) phase. Therefore, all three phases should be per‐

formed in order to succeed in including in the model contributions from interactions.

This is an empirical resolution, since the alternative to handle all 55 interactions at the

same time is not attainable with some other method. Even if there was, an overfitting is‐

sue would loom around the modeling structure. This also aids to appreciate the diffi‐

culty and uniqueness of the problem.

The practical implications of attempting to predict a lifespan structural model com‐

prising both main effects and interactions are expected to be a more complete endeavor.

Experimenting only with main effects in reliability engineering, nonadditive insights are

bound to be omitted and the synergistic discovery is impossible to achieve, leading to

imprecise screening/optimization of a process or product. Very strong effects appear to

be manifested in all five distribution screenings, which means no matter of the specifica‐

tion of each reliability model, the presence of a particular active predictor will be de‐

tected irrespective of the specialized probabilistic mechanism that is set to detect it. On

the other hand, effects that do not emerge as active in specific distributional screenings,

for example like the CI interaction in the exponential and normal distribution screen‐

ings, might mean that it may not also influence a constant failure rate mechanism (expo‐

nential trend) or a symmetrical failure model with a mean time-to-failure possessing a

low variation (normal trend).
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5. Conclusions

In conclusion, this study constitutes an informative endeavor toward further decod‐

ing and understanding the problem of how to improve product life extension. A compre‐

hensive case study on improving thermostat end-functionality with specific

product/process interventions was considered, eventually aiming to generate beneficial

modifications in order to prolong a product’s lifespan. In the present work, the use of ap‐

propriate DOE models was successfully implemented, enabling an effective statistical

analysis of the candidate interactions among the factors/interactions that could affect the

thermostat’s lifetime. This analysis led to the identification of the most significant candi‐

date interactions, which were subsequently examined further with the aid of additional

analytical tools. In contrast to past research, this work views the factorial controls on a

system basis since it allows potential interactions to surface between different factors.

A major advantage of this approach is its applicability to any product for which it is

desirable to regulate a group of controlling factors, suspected to lead to premature prod‐

uct failure. However, to achieve robust operational performance under real-life condi‐

tions, including data-imposing phenomena such as heteroscedasticity, censoring, and

computational solver convergence, non-parametric methods may be tested for gaining

further insight when encountering such technical limitations in reliability improvement

projects.

The innovation of this study lies not only in the identification of the most critical

candidate interactions, in contrast to the examination of isolated factors in previous re‐

search, but also in the subsequent analysis through a screening model focused exclu‐

sively on the selected most significant candidate interactions. A more precise determina‐

tion of the most important interactions was achieved through the combined use of

Pareto charts, Lenth test, and the lifetime response analysis of lifetime data using differ‐

ent regression models based on five different reliability distributions commonly ac‐

cessed in statistical software packages. The determination of the strength of these candi‐

date interactions, combined with a review of conclusions from previous studies, trig‐

gered further analysis using distributional screening of the effects. It was found that

modeling the original lifetime dataset according to the Weibull, lognormal and exponen‐

tial distributions provided similar screening results at comparable performances while

maximizing the likelihood estimation. This work definitely demonstrates the multiplic‐

ity of reliability distributions which may offer similar profiling outcomes.
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