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Abstract 
 

Once a unit experiences a service downtime or downgrade; the covariates or risk 

factors can directly shows impact on the delay in repairing activities. In this 

paper, the risk factors are revealed that either delay or accelerate repair times, and 

it also demonstrates the extent of such delay, attributable to the underlying 

characteristics of the equipment. The potential risk factors provide necessary 

inputs in order to improve operation performance. Once risk factors are detected, 

the maintenance planners and maintenance supervisors are aware of the starting 

and finishing points for each repairing job due to their prior knowledge about the 

potential barriers and facilitators. This study employs semi-parametric approaches 

in a different way to examine the relationship between repair time and various 

risk factors of interest. The properties of the hazard function for the repair time 

problem are critically examined and the major findings are highlighted. This 

paper focused to estimate underlying characteristics of the machines during 

failures, which may prolong the troubleshooting time. An empirical study has 

been accomplished to estimate the risk factors. There are 1203 air conditioners 

maintenance records in 2011 and 2012 are collected from food industries in 

Malaysia. The empirical studies estimates repair time data and background 

characteristics of the machines. The estimates show that the equipment suppliers  
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and models are significant risk factors in corrective maintenance. If these risk 

factors are managed accordingly, repair time can be reduced tremendously. The 

estimation also can be used to improve availability of the machines and their 

reliabilities. 
 
Keywords: Adaptive estimation, Failure-Based Maintenance, Fault diagnosis, 

Risk analysis 

 

INTRODUCTION 

 
Maintenance consists of mathematical models aimed at finding balances between costs 

and time of maintenance, or the most appropriate moment to execute maintenance [1]. 

The aim of this paper is to provide practitioners with useful techniques for the selection 

of suitable machines for operation and maintenance. In this study, we focus on corrective 

maintenance strategies. 

Once a unit experiences failures, the covariates or risk factors can directly impact on 

the delay in repairing activities. The repair time can vary from relatively simple products, 

such as tires, light bulbs, toasters, or articles of clothing, to complex systems such as 

aircrafts, centralized air-conditioning systems, power generating systems, or 

communications devices. These items are engineered and manufactured to perform in 

some specified manner when operated under normal operating conditions. However, the 

internal factors could be easier to tackle as the control always varies within management 

control. Objectives of this study are to estimate troubleshooting time based on the 

underlying characteristics of the machines. 

This paper demonstrates equipment underlying characteristics estimation using 

proportional hazards model. The paper contributes on the extension work by [2] and [3] 

to analyze delays in failure-based maintenance. For estimation, an empirical study has 

been performed from a data set collection of 1203 air conditioners maintenance records in 

2011 and 2012 from food processing industries in Malaysia. The sample consists of 

repair time data and background characteristics of the machines 

  

RELATED WORK 

 
Maintenance of technologically advanced systems is costly due to the high costs of the 

spare parts and the required labor hours. On the other hand, maintenance is of vital 

importance to keep the system availability at an acceptable level, especially in a service 

sectors.  Availability has a high priority, which often leads to conservative maintenance 

intervals and consequential high maintenance costs [4]. Maintenance strategies can be 

divided in to two basic classes [5]. In corrective strategies, parts are only replaced or  
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repaired after they have failed. This means that the part’s service life is fully utilized, but 

failure can occur at any moment, which may decrease the system’s availability 

considerably or may cause additional damage in other parts.  

A preventive maintenance strategy aims to prevent failure by replacing or repairing the 

parts before they fail. In that way, maintenance activities can be planned at suitable 

moments such that they do not strongly affect the availability of the system. However, 

since the actual moment of failure is hard to predict, many parts are replaced far before the 

end of their service life, which increases the maintenance costs considerably.  

In this study, we focus on corrective maintenance strategies. Corrective maintenance is 

unscheduled maintenance of repair to return the machine to a defined state. Ref. [6] 

integrated some covariates into the failure-based maintenance. Systematic measurements 

on covariates illustrated with the use of the multistate hazards model for transition and 

reverse transition among more than one transient state emerged from follow-up studies 

discussed by [7]. The paper discussed the extension of the use of the multistate 

proportional hazards model (PHM) for analyzing transitions in contraceptive use over time 

and illustrates the score test on testing the equality of parameters for models on transitions 

and repeated transitions. Ref. [8] describes the underlying failure-causing mechanisms, 

such as degradation and wear, with the assessments of item survivability. A more 

appealing approach would be to choose a model based on the physics of failures and the 

characteristics of the operating environment.  

Ref. [9] gives a few reasons on why Taguchi methods have not been employed 

commonly while repairing the failures. The reasons are the performance of a service 

process is very difficult to measure accurately where the outcome of a service process is 

inherently much more inconsistent in quality than its manufacturing counterparts. 

Furthermore, the service process has more ‘noise factors’ that are difficult, expensive or 

impossible to control. Then [10] modified the model of operation in the service or 

technical center, where they discussed Six-sigma methodology to measure machine 

downtime to produce products with zero defects. Usage of the 80-20 rule which states 

20% of the defects account for 80% of the quality loss applied to minimize the number of 

experiments necessary to study the effects of various factors on the performance of a 

process.   

Ref. [11] develops a robust regression metamodel for a maintenance float policy which 

was originally referred to “repairman’s problem”. All the factors affecting the system were 

identified and classified into design factors (controllable variables) and noise factors 

(uncontrollable variables). Then [12] discussed the three-level departure points in quality 

management. Maintenance has been defined as the control system by itself using matrix 

representatives. The columns of the matrix show the differentiation between structural and 

social aspects on a self-organizing layer, an adaptive layer and a control layer, and the 

rows show the various levels of control. By handling both aspects, a better failure recovery 

model can be formed. However both, [12] and [13] models are similar to analyze data by a 

linear approach which may not provide us with an accurate computational procedure for 

the reliability of repair time estimation. Ref. [14] introduced better model to evaluate  
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potential causes of failures and their effects using a multi-attribute failure mode analysis, 

where the ranking of failure causes can be obtained by using qualitative pair wise. Then 

[15] discussed a new technique for prioritizing failures for corrective actions in failure 

mode and effect analysis by setting the Risk Priority Number and the Risk Priority Rank 

(RPR). Failure modes with higher RPR are considered to be more important as having 

higher priority. Ref. [16] distinguishes failure modes and their basic maintenance policies 

in failure-based and preventive maintenance. 

Ref. [17] defines the functional requirements of a decision support system necessary to 

serve as working tool in modeling age-based maintenance strategies with minimal repairs 

for systems subject to competing failure modes due to degradation and shocks. They used 

numerical techniques on functional requirements of a decision support system applicable 

to reliability modeling of repairable and non-repairable system(s). Ref. [2] extends the 

study using the Proportional Hazards Model (PHM) for a renewal process, homogeneous 

and non-homogenous repairable system with the application of a Poisson process. Their 

study shows the few types of failure been assigned as covariates to estimate the hazards 

ratios accordingly using proportional hazards technique to assess failure behavior at 

different operating conditions. Ref. [18] used decision support approach to solve problems 

in gas turbine blade maintenance activities. He proposed different decision for different 

type of maintenance i.e. static concepts and condition-based maintenance concepts. All 

decisions must consider cost of repair when making any recommendation. Ref. [18] also 

deliberated application of physical failure models to enable usage and load based 

maintenance for gas turbine blades. At the end of the study, he has concluded that buying 

sophisticated hardware or software is not the complete answer. But justification on 

middleware software and object oriented system by integrating some maintenance 

techniques in to the decision support system is another potential area to consider. 
These are two main objectives in the present study. First objective is to extend the use 

of the complex system failure analysis suggested by [1], [2] and [19] to analyze delay in 
repair time. Then second objective is to find ways to estimate the risk factors significance 
at specific time alternately using proportional hazards model. Another common practical 
problem in a reliability study is the presence of censored data.  

A censored observation corresponds to a non-complete time to failure or to a non-
failure event, but this does not mean it does not contain relevant information for the 
reliability modeler [20]. 

 

DELAY IN REPAIR TIME: SOME CRITICAL ISSUES 

 
Total Planned Quality Management systemizes all preventive, predictive, corrective 

maintenances, plus the control of maintenance quality control. In Total Planned Quality 

Management, maintenance strategies should contain consideration of the following 

elements: 

(i) Maintenance management information system; 

(ii) Maintenance organization and management; 
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(iii) Maintenance tasks; 

(iv) Maintenance engineering. 

(v) Measures of effectiveness; 

(vi) Work control; 

(vii) Personnel records regarding competences; 

(viii) Technical documentation; 
The operational unit may be considered as one of two status conditions at one time as 

shown in Figure 1. 
 
 

 

 

 

 

Fig. 1: Operation Cycle of the Repairable Unit 
 

When the unit experiences failure, it follows the queue to be repaired. The service 

provider should offer quality service by providing shortest response time to the plant, 

which is the sum of the technician traveling and the repairing times. Once a unit is brought 

to be repaired, there will be a chance for delay due to a lot of varying factors. Each factor 

has a different kind of solution with different costs. It is essential to spend properly at the 

right time to optimize the budget. According to the 80-20 rule, 80% of the delay arises 

from the same 20% of the possible causes. Our study measures those 20% of the 

effectiveness by estimate the most significant risk factors using the PHM. 
Usually, a service provider sets the Standard Level Agreement (SLA) within the 

organization on the repair time for specific major components as a benchmark or goal in 
order to be a vendor of choice in a competitive market. A standard maintenance procedure 
is followed to ensure that the task is completed within the SLA’s as shown in Figure 2. 

 

 
Fig. 2: Progress of Troubleshooting on Repair 

 

When the unit bring for repair, the progress of troubleshooting on repair represented by 

a line, L1. For most of the cases, the technical staff will troubleshoot as shown by L2 and 

update the documentation accordingly but still meeting the goal, G through line L3. The  

operate fail 
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organization always sets the standard maintenance procedure to follow in order to meet the 

goal, G at all times. However, there are always special cases where troubleshooting or 

repair time misses the target and causes a delay along line L4. At this stage, the delays are 

due to some risk factors or covariates. The present study focuses on improving the 

performance of the troubleshooting activities by using statistical reliability theory to 

measure the significance of those risk factors or covariates. 

 

TROUBLESHOOTING TIME DELAY 

 

Repair data can be analyzed for patterns in a variety of ways. The analyses can classify 
primary cause of repeated problem. It is important to discover exactly how much time is 
spent on repairing tasks. Overtime spent in emergency maintenance affects the cost of the 
process and data about this can indicate the economic and other benefits in improving the 
process. Repairing and problem solving activities in maintenance field are categorized as 
repetitive events as a machine would be faulty again in future. The status of machines in 
operation can be represented using a state diagram with a few symbols. The system may 
be in one of the states at any time where the first letter of the symbol denotes the mode of 
the unit and the second corresponds to the progressing state of the device. Our study 
focuses on the delay in bringing up the machine, which has already experienced failure. 
The state transition diagram can be simplified and the interference of external factors or 
covariates that might arise at a few of the states as shown in Figure 3. 

 

 

Fig. 3: Troubleshooting State Diagram 
 

Normally, a failed unit will be attended to by the first level support team which perform 

regular breakdown maintenance at state S1 and return it back to normal operation at state 

S2 without facing any problem. However, once the unit experiences a transition to states 

S3, S4 or S5, there is a high possibility of a delay and it varies on the basis of the 

significant risk factors that exist prior to the occurrence of an event. These are unresolved 

problems where categories are the special cases that have been focused on in our study. 

Risk factors may cause transition from S1 to either S3 or S4 due to equipment co-variates, 

i.e. machine age, models, supplier’s support or bad practice of the previous preventive  
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maintenance activities. There could also be other obstacles such as ordering delay of the 

replacement parts and technicians problems. 

The present research uses a hypothetical project to allow robust statistical analysis by 

using Proportional Hazards Model (PHM) to estimate the reliability while considering 

explanatory variables simultaneously. The PHM is the most suitable model for analyzing 

repair times as it is able to estimate several explanatory variables or risk factors 

simultaneously. By fitting this model to the breakdown data, the estimates for the impact 

of a few risk factors can be obtained. Even if the breakdown teams are similar with respect 

to the variables known to the reliability effect, by using PHM with these prognostic 

variables may produce a more precise estimate of the troubleshooting performance, for 

example, by narrowing the confidence interval and likelihood estimates. This gives the 

guidelines for adjusting the existence of certain risk factors as a milestone to improve the 

reliability of the maintenance operation.  

The variables can be represented as a vector of covariates, Z = (Z1, Z2,…, Zp). The 

corresponding vector of regression parameters can be represented as β = (β1, β2,…, βp). 

The general form of the proportional hazards function is h(t , z) = h0(t) g(z). Baseline 

hazard function is h0(t) and g(z) is the exponential expression for the sum of the 

corresponding explanatory variables, which can be either continuous or discrete [21]. The 

reliability function, R(t), can be obtained as R(t ; Z) = P(T ≥ t | Z = z), where T is the 

associated failure time. Let Z denotes the regression vector of explanatory variables (Z1, 

Z2,…,Zp) with t the associated failure time. Let β denotes the vector of unknown 

regression parameters associated with the explanatory variables, β = (β1, β2,…, βp)', then 

the hazards relationship is given by [22] as hi(t) = h(t | z) = h0i (t) exp(Zβ) ; i=1, 2, ... or 

log[hi(t)] = log[h0i (t)] + (Zβ) ; i=1, 2, ... 

The set of parameters h0i (t) is called the baseline hazard function whose purpose is 

merely to control the explanatory variables of interest, β for any changes in the hazards 

over time. The reliability function is given by [23] as:  

R(t ; z) = 

∫−
t

0

de)(0h

e

ττ zβ

.  

Ref. [22] defined the partial likelihood as the products of several likelihoods, one for 

each of, say, n failure times.  

 

Thus, at the ith failure time, Li denotes the likelihood of failing at this time, given the 

machine has already survived up to this time, represented as:  

L = L1 x L2 x L3 x … x Ln = 
∏
=

n

1i Li ,  

where Li is the portion of L for the ith failure time. 

 

Let Zl denote the vector of explanatory variables for the lth individual. Let t1 < t2 < … < 

tk. denote the k distinct, ordered event times. Let fi denote the multiplicity of failures at  
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event time, ti. That is, fi is the size of the set Fi of individuals that fail at ti. Let Si be the 

sum of the vectors zl over the individuals who fail at ti, that is, 
∑ ∈ iFl zl.  Let Ri denote 

the risk set just before the ith ordered event time ti. Let Ri* denote the set of individuals 

whose event or censored times exceed ti or whose censored times are equal to ti. Then the 

exact type of partial likelihood function is: 

 
 

 

 

 

 

 

 

The coefficients for each covariate can be examined. For an explanatory variable a 

positive regression coefficient means that the hazards are higher. This implies that the 

prognosis is worse for higher values. Conversely, a negative regression coefficient implies 

a better prognosis for higher values of the variable. The PHM requires that, for any two 

covariate sets z1 and z2, the hazard functions are related as h (t; z1) ∝  h (t; z2), 0 < t < ∞. 
 

 

RESULTS AND DISCUSSION 

 

Air conditioning corrective maintenance records in one of the food processing industry 

in Malaysia, which consist of 1203 records on split and windows units repair time data had 

been collected for the year of 2011 and 2012. Most of the machine’s components are 

renewable with the non-homogenous involvement of the risk factors. The machines have 

different backgrounds such as suppliers, age, model and other underlying characteristics. 

The variable TYPE takes the value 1 for a split unit and 2 for a window unit. The variable 

AGE takes a value 0 for machines below 5 years old and 1 for machines age 5 years old 

and above. The variable MODEL takes a value 0 for model A and 1 for model B. In this 

study, observation made for only 2 models, which always failed and giving problem. SUP 

carries the value of 1 for the local supplier (supplier A) in the same state, 2 for local 

supplier in other state (supplier B) and 3 for international suppliers (supplier C). All the 

tests have been conducted based on the dependent variable of repair time, which is in 

hours scale. 

Less than 45% of the repairs are completed within 48 hours. Hence, more than 55% of 
the repair activities took more than 2 days. This justifies that further analysis should be 
done to investigate the delay in repairing time. Table 2 shows the analysis on risk factors.  
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TABLE 1: Relative Frequency of Repair Times 

 

Troubleshooting Time 

Class 

(Hour) 
Frequency Percentage 

0-48 530 44.06% 

49-96 92 7.65% 

97-144 80 6.65% 

145-192 70 5.82% 

193-240 65 5.40% 

241-288 63 5.24% 

289-336 41 3.41% 

337-384 47 3.91% 

385-432 42 3.49% 

433-480 32 2.66% 

481-528 29 2.41% 

529-576 28 2.33% 

577-624 29 2.41% 

625-672 21 1.75% 

673-720 16 1.33% 

721-768 18 1.50% 

 

 

 

 

TABLE 2: Analysis on Risk Factors 

 

Variable Value Frequency Repair Time (Hour) 

      Total Mean StdDev 

AGE 
0 360 92,204 256.12 22.45 

1 611 117,570 192.42 18.81 

SUP 

1 291 56,899 195.53 20.19 

2 355 110,697 311.82 22.73 

3 321 42,184 131.41 10.04 

MODEL 
0 590 168,260 285.19 21.35 

1 337 41,155 122.12 11.56 
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Machines below 5 years have less mean repair time (192.42 hours) compared to the 
mean repair time of the older ones (256.12 hours). Suppliers are divided into three groups, 
i.e., supplier A (SUP = 1), supplier B (SUP = 2) and supplier C (SUP = 3). Supplier C has 
the smallest standard deviation (10.04). This indicates that this group has less variability 
for repair activities. It can be observed that Model B machine can be repaired faster with a 
mean repair time of 122.12 hours. 

Reliability analysis of real data can be obtained by using the PHM introduced by [24]. 
The present work estimated the parameters using Phreg procedure in the SAS computer 
software. The maximum partial likelihood estimates using the Phreg procedure are given 
in Table 3. Supplier A (SUP = 1) and supplier B (SUP = 2) are combined as SUPAB, then 
it is compared with the local supplier, supplier C (SUP = 3), SUPC predictor. 

 

TABLE 3: Proportional Hazards Estimates 

 

Variable 
Parameter  

Std Err Chi-Sq 
Pr> Risk  

Estimation Chi-Sq Ratio 

AGE 0.07428 0.06441 0.036 0.7611 1.021 

SUPAB 0.5185 0.07282 28.7044 <.0001 0.473 

SUPC -0.5185 0.07292 28.7044 <.0001 1.489 

MODEL 0.84151 0.0761 84.5177 <.0001 2.501 

 

The estimates gave highly significant values (p-value = <.0001) for the suppliers 
(SUPAB, SUPC) and model (MODEL) risk factors. The PHM estimates show that the 
MODEL factor has a risk ratio of 2.501, which is more than 1. This means that when 
handling repairing activities, MODEL B reduce the delay in repair time by a factor of 2.5. 
In contrast, longer time taken to repair MODEL B machines.  The parameter estimate for 
international suppliers, SUPC is negatively associated compared to the local suppliers, 
SUPAB, which is -0.51850. This indicates a reduction in the risk when internal supplier, 
SUPAB increases. This shows that when the unit taken from local supplier within the city, 
technicians are able to solve the problems faster than the international ones.  

The PHM estimates show that machines used for 5 years and above (AGE) are 
positively associated but with a very small coefficient of 0.07428. The risk ratio is 1.021, 
which is close to one. This means that the times to repair old and new machines are 
equivalently same. Furthermore, the statistics for the AGE factor is not statistically 
significant (p-value = 0.7611). Thus, there is no evidence of an increasing or decreasing 
trend over time in the hazard ratio for the AGE factor. Note that we interpret the results 
differently as negative association in reliability or survival means positive association in 
repair time or failure recovery intervals. 

Based on the proportional hazards estimates as shown in Table 4, the estimated 
parameters of the regression for the risk ratio can be measured as:  
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)t(

)z,t(

0λ

λ

 = e 
0.07428AGE + 0.51850SUPAB - 0.51850SUPC +0.84151MODEL

 

Generally, reliability analysis involves a study on how to ensure a longer survival time 

for the equipment.  In contrast, for the repair time analysis, the shorter the period of the 

troubleshooting over time is better. This is our main contribution in this paper, where we 

use hazards function differently to estimate risk factors during failure recoveries intervals. 

The above regression can be used to measure and estimate the risk ratios for the 

stratification by different categories of risk factors. Then, the risk factors can be adjusted 

accordingly to reduce risk or hazards ratio to shorten the troubleshooting time. 

 

CONCLUSION 

 
The PHM is applied in the present study to evaluate failure behavior at different 

operating conditions. The PHM is robust, where estimates of air conditioning 

troubleshooting performance can be computed even with an unspecified baseline 

function. The model is able to analyze multivariate data and allows the isolation of the 

effects of air conditioning failures from the effects of different machines underlying 

characteristics. From the estimates, model B machines are 85% faster to be repaired 

compared to model A. This is one of the key results, which shows that the model A 

machines contribute to major delays in troubleshooting activities. Consequently, if the 

repair activities are handled for machines supplied by supplier C, the reduction of the risk 

is almost double compared to the others. The estimates can be used as guidelines for 

decision making process such as setting vendor or supplier for new purchasing. Another 

useful finding is that the risk ratios of supplier C are negatively associated. The estimates 

demonstrate that it is faster to repair machines supplied by suppliers A and B. The 

proportional hazards estimates show 52% efficiency if machines supplied by suppliers A 

or B. Maintenance management personnel should maintain these suppliers for machine 

purchasing, as this can enhance their efficiency in handling troubleshooting activities for 

those machines. 
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