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Abstract—In High-Performance Computing (HPC) system, 

job failure is a major problem because it means the losses in 

computation time, resources, and power. Job failure also 

degrades significantly overall efficiency of the HPC system. 

In this paper, we propose two sets of models to predict job 

failure at two points of submission: job submit-state and job 

start-state. The models can be used as guiding tools for 

HPC-user to make efficient decision on managing their job 

submisison on the HPC system. The tools are thus for 

improving the efficiency of the HPC system at the job level. 

In the evaluation stage, we conduct a comparative study in 

order to compare performance of the job failure predictive 

models developed based on the decision-tree induction 

techniques including C5.0, Classification and Regression 

Tree (CART), and Chi-square Automatic Interaction 

Detector (CHAID). The datasets used for training and 

testing the models are the two workload logs collected from 

the HPC system at the National Electronics and Computer 

Technology Center (NECTEC), Thailand, and the Los 

Alamos National Laboratory (LANL), USA. To predict 

failure at the job submit-state and at the job start-state, the 

results show that the models built from C5.0 algorithm 

provide the highest accuracy of prediction (around 85% for 

the NECTEC dataset and 87% for the LANL dataset). The 

experimental results regarding prediction at different job 

states reveal that failure forecasting at the job start-state is 

slightly more accurate than making prediction at the job 

submit-state (accuracy improvement is around 1.45% for the 

NECTEC dataset and 0.46% for the LANL dataset). 

However, when considering both criteria of the performance 

of the models and the overhead of job waiting time, job 

failure prediction modeling at the job submit-state provides 

the best efficiency. 

 

Index Terms—decision tree, high-performance computing, 

job failure prediction, workload log  
 

I. INTRODUCTION 

High-Performance Computing (HPC) is a computer 

system that combines many computers working together 

as a single system. Each of computer machines is referred 

to as a computing node. To achieve a single system 

characteristic, a group of computers communicate with 
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each other via the internal network system. The HPC 

system has a special software named a scheduler to 

prioritize and manage the jobs in the queue to 

appropriately and efficiently be processed in the 

computing nodes. The HPC system uses central storage to 

guarantee correctness by making all computing nodes to 

access the same data. The two important aspects of most 

HPC systems are reliability and scalability.  

To deliver reliable service, the HPC system operates 

with the redundancy principle such that it can resist the 

system failure. The second feature of HPC system, named 

scalability, refers to the ability to expand the system 

hardware to handle jobs that need extremely large number 

of computing nodes. The fundamental idea of combining 

many computers to work together as a single cluster makes 

the HPC system naturally effective in expanding its 

computing resources such that its computing power is 

unlimited. Based on these two important features, HPC 

systems are thus installed and operated in many 

computational laboratories worldwide.  

Most of the jobs processed in the HPC system are 

related to advanced computational science and 

engineering tasks [1]. These jobs have common 

characteristics of high-memory consumption and complex 

calculation, such as jobs from the astronomical computing 

group, particle and high energy physics, the forecasting of 

climate, and so on. Most HPC systems are established as 

either the organization's computing resource center or 

open to public as a computing service with hourly service 

fees. Based on the vast areas of service, HPC systems must 

be able to support a variety of tasks. Variety issue also 

includes the different number of users, the variance of 

computational domains, and the variety of computational 

applications. To handle efficiently diverse tasks in the 

HPC systems, there are three levels of efficiency to be 

considered (as shown in Fig. 1). 

The efficiency development at the system level is the 

maintenance of computing resources to be able to work or 

provide computational services at all time [2], [3]. At 

scheduling level, the HPC system must manage the 

submitted jobs as much as possible according to the full 

capacity of computing resources [4], [5]. The last one is at 

the job level which makes the jobs processed in the HPC 
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system run through the finish-state with a high success rate 

[6], [7]. For the efficiency development of the HPC system 

at the system level and the scheduling level, it is the 

responsibility of the system administrator. Meanwhile, 

efficiency at the job level is the direct responsibility of 

users of the HPC system. 

 

Figure 1. The level of efficiency development of the HPC system. 

This research aims to improve the computing efficiency 

of the HPC system at the job level. Unsuccessful 

processing or job failure while processing in the HPC 

system is the most important problem for users because 

most jobs submitted to the HPC system is a large and 

complex job requiring long processing time and high 

usage of computing resources. If the job processing fails at 

running state, that means the waste of time, computing 

resources, and electrical power [8]. This research proposes 

a job failure predictive model while the job is processing at 

the job submit-state and the job start-state in the HPC 

system. The model can be further developed as a guiding 

tool for the HPC-users in a soft recommendation system or 

as a notifier in a monitoring system. We expect that such 

tool would be very useful for many HPC-users. For 

example, it is a decision-making helper for new users who 

lack experience of setting parameters while submitting a 

job to be processed in the HPC system, or it can issue 

notification when an error occurs by providing some 

helpful message for users to correctly handle the erroneous 

situation.  

Machine Learning (ML) technique was used to create 

the job failure predictive model to predict a job failure 

while processing in the HPC system. We select three 

Decision Tree (DT) algorithms: C5.0, Classification and 

Regression Tree (CART), and Chi-square Automatic 

Interaction Detector (CHAID) to create the models based 

on the workload logs or job logs of the HPC systems. The 

first dataset is a workload log from the National 

Electronics and Computer Technology Center (NECTEC), 

Thailand. The second dataset belongs to the HPC system 

at the Los Alamos National Laboratory (LANL), USA, 

which is publicly available at the Parallel Workloads 

Archive [9]. 

The contributions of this research are as follows. 

 This research proposes a framework to improve the 

computing efficiency of the HPC system at the job 

level by creating the model to predict job failure 

while the job is processed in the HPC system. The 

model can help users to submits a job to the HPC 

system in an effective way.  

 We evaluate and compare the performance of 

several models to find the best one. The predictive 

tree-based models were created by using the 

algorithms C5.0, CART, and CHAID trained on the 

workload logs of the HPC systems.  

 We perform a comparative study to assess model's  

performance at the job submit-state and the job 

start-state to find a suitable position to create the 

job failure predictive model. 

The rest of this research is organized as follows. Section 

II presents a literature review. Section III describes theory 

and algorithms used in this research. Section IV explains 

details of the dataset, experimentation setting and results. 

Sections V and VI are discussion and conclusion, 

respectively. 

II. LITERATURE REVIEW 

The improve in computing efficiency of the HPC 

system can be done at 3 levels: the system level, the 

scheduling level, and the job level. Many research works 

propose the development of computing efficiency of the 

HPC system at the system level by preventing system from 

failure using analytical method to find patterns of system 

defects. Such patterns are in a form of a predictive model 

to forecast system failure in advance. 

In 2006, Schroeder and Gibson [10] proposed the idea 

to investigate the root causes of the problem that occur on 

the HPC system with the objective to estimate the Mean 

Time Between Failure (MTBF) and Mean Time to Repair 

(MTTR). They used static tools to analyze the defect. The 

dataset used in their research was collected from 20 HPC 

systems at the Los Alamos National Laboratory, USA. 

The analysis results showed that the number of faults in 

the HPC system in one year was in a very wide range from 

20 times to 1,000 times and defects mostly occurred in the 

large HPC system. 

In 2016, Chuah et al. [11] also studied patterns of 

defects or system failure on the HPC system called Ranger 

Supercomputer. They introduced the CRUMEL 

(Correlating Resource Usage data and MEssage Logs) 

framework, which used data analysis principles based on 

correlation relationships between the system log and the 

workload dataset. The data from two sources were 

connected via timestamp. They reported the results that the 

CRUMEL tool could identify the pattern of defects. Their 

framework could also show the relationship of fault events 

on the system. 

In 2007, Liang et al. [12] analyzed a system log of the 

IBM BlueGene/L system to predict system failures. The 

dataset was recorded in a period of 142 days. They tested 

and compared the efficiency of the models for predicting 

the system failure of the HPC system. The models were 

created by Rule-based Method, Support Vector Machine 

(SVM) and k-Nearest Neighbors (kNN). The results 

showed that the best performance in terms of time 

complexity and accuracy was from the model of the kNN 

algorithm. 

Job Level

System Level

Scheduling Level
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In the same year, Gujrati et al. [13] also used 

Rule-based Method and statistical tools to create models to 

predict abnormal events in the IBM Blue Gene/L system. 

Their tools consisted of three processes: event processing, 

based prediction, and the Meta-learning prediction. The 

dataset was collected from the system log of two IBM 

Blue Gene/L systems. They reported that experimental 

results provided by the proposed tool could increase 

performance of system failures prediction by up to 3 times 

compared to their previous research. 

In 2018, Soysal et al. [14] proposed a method to predict 

how long the job is to be processed in the HPC system 

(called wall-time). Their modeling method was based on 

the automated machine learning using 15 algorithms 

trained with the workload dataset of the HPC system that 

was collected from the Parallel Workloads Archive. The 

results showed that the models built from automated 

machine learning apprpach provided better performance 

than human predictions up to 7 times. 

In 2012, Zhang et al. [15] proposed a descriptive 

analysis method using statistical tools and clustering 

algorithm to analyze the workload log data of the HPC 

system with the objective to find a suitable form of 

resource usage for the jobs to be processed in the HPC 

system. Their analysis scheme also employed information 

obtained from the experiment to create a tool for 

suggesting job submission to the system, called a 

knowledge-based recommendation system. The system is 

for users who lack experience in submitting job to the HPC 

system. Users were satisfied with the system that showed 

accuracy as high as 64.2%. 

In 2012, Yuan et al. [16] studied the nature of a job that 

had not been successfully processed in the HPC system. 

They used statistical method to analyze the workload log 

dataset of the HPC system. The data were collected from 

10 public datasets compiled from 8 HPC systems. The 

results showed that the unsuccessful jobs had much effect 

toward the overall efficiency of the HPC system in terms 

of service quality as well as wasted computation time. 

From the literature review, we found that researchers 

focused on developing methods to improve the computing 

efficiency of the HPC system at two levels: the system 

level and the job level. The majority of research work 

concerned improvement the computing efficiency of the 

HPC system at the system level. Some researchers 

performed log analysis at the system level to find the root 

cause of the problems in the HPC system. Many recent 

works aimed at creating the predictive model to forecast 

the system failure of the HPC system. The predictive 

model was created by using statistical tools and machine 

learning techniques. There was some research work 

aiming at improving the computing efficiency of the HPC 

system at the job level by trying to find the appropriate 

form of requesting computing resources for the job to be 

processed in the HPC system. However, there are some 

existing limitations such as the model could not be applied 

to the real world HPC system because the model was built 

from the jobs at the finish-state and such state is not so 

useful for applying the model to the actual situation that 

job finish-state has not been reached yet. Therefore, we 

propose a new study framework by performing a 

comparative study of the job failure predictive model 

where jobs are at the submit-state and the start-state. 

III. BACKGROUND THEORY AND ALGORITHMS 

A.  The Job State in the HPC System 

The job state is the various statuses of job that has been 

processed through the HPC system (as shown in Fig. 2). 

There are three possible states; the first one is the state at 

which the job has been sent or submitted to the HPC 

system (called job submit-state), the second state is the 

state at which the job begins to be processed on the HPC 

system (called job start-state), and the last one is the state 

at which the job is processed completly and successfully 

(called job finish-state). 

 
Figure 2. The three job states in the HPC system. 

The time period from the job submit-state to the job 

start-state is called the wait-time. During this time, the job 

is waiting for its processing in the queue system. The next 

period from the job start-state to the job finish-stae, which 

is the end of job processing in the HPC system, is called 

the run-time or execute-time of the job. The whole 

duration of the job in the HPC system is called the 

wall-time (as in equation 1). It is a time frame from the 

point that users submitting their job until they receive the 

result. 

Wall Time = Wait Time + Run Time             (1) 

We are interested in evaluating and comparing the 

performance of models to predict job failure while 

processing in the HPC system. We analysis job failure 

where the job is at the submit-state and the start-state with 

the main purpose of finding the most efficient model. The 

job failure predictive model can help the HPC-user 

making good decision on submitting job with the most 

efficient configuration of job processing in the HPC 

system. In some cases, if users know in advance at the 

submit-state that the job to be sent to the HPC system is 

likely to fail, they can avoid the useless computation and 

not to lose the job wall-time. Also, in the situation of the 

job that is in the start-state, the model can help users 

saving time for job processing (job run-time). 

B.  Decision Tree 

Usually, the purpose of analyzing data from log files 

[17], [18] whether it is system log, network log, or 

workload log data, is to find the cause of problems (root 

cause) or to find defect that causes suboptimal 

performance of the system. Such analysis has be done 

regularly using the manual style that requires the 



 

knowledge of experts to make decision about which part of 

data should be used, which analysis tool should be 

employed, and how to interpret the analysis results. So, it 

can be seen that it is an inefficient method of data analysis 

because it takes a long time for getting the correct result 

and it is limited by experience of the expert. Therefore, in 

this research we propose to use machine learning 

technique to create a model to predict job failure while 

processing in the HPC system. Machine learning 

technique is more efficient than manual analysis because it 

works in an automatic way; thus, limitations in time and 

expertise of the human analyst are eliminated. 

This research adopts the decision tree algorithm as a 

modeling method to predict job failures while processing 

in the HPC system. The advantagees of a decision tree 

algorithm are that it has a simple work process, accuracy 

of the model is high, and the model is easy for 

interpretation, which is especially useful for root cause 

analysis. The decision tree model can classify or predict 

the target attribute with the logic-based concept, which is 

like the reasoning generally made by humans [19]. The 

structure of the decision tree is in the form of an 

upside-down tree (as illustrated in Fig. 3). The top node of 

the decision tree is the root node which is the node that has 

only the branching out lines. The node that has both the 

input output lines is called the internal node. The node at 

the end of the tree structure, in which there are only the 

input lines, is the leaf node. The leaf node is responsible 

for showing the final result of the classification or 

prediction of the decision tree model.  

 

Figure 3. The decision tree structure. 

This research builds the tree-based model to predict job 

failure while processing in the HPC system using three 

algorithms: C5.0, CART, and CHAID. The reasons for 

choosing theses three algorithms are due to their efficiency 

and successful application in many domains. 

C5.0 algorithm [20], [21] was developed from the C4.5 

algorithm. The main extension from the previous version 

is that C5.0 algorithm has some new features such as 

Boosting and Cost-sensitive tree. The C5.0 algorithm uses 

the node splitting criteria from calculating a value called 

Information Gain. One prominent advantage of C5.0 

algorithm is its robustness against missing values in the 

dataset. The C5.0 algorithm only supports the categorical 

target variables. While, the CART algorithm [21], [22] is 

an outstanding algorithm that be able to support both data 

classification and data prediction as the target data can be 

either categorical or continuous. For classification, 

branching criteria for decision tree construction of the 

CART algorithm is the Gini index value, whereas in 

prediction, CART uses variance reduction value. The 

CHAID algorithm [23], [24] works like CART, but it has 

the advantage of being able to support branching of 

decision trees in more than two subgroups. It uses the 

statistical criteria based on the chi-square value for 

branching. 

C.  Assessment 

This research generates job failure models based on 

three different algorithms. Performance of the obtained 

models are to be evaluated and compared using the four 

assessment matrices: accuracy, recall, precision, and F1 

score. The computation of each assessment metric can be 

done by observing values from a confusion matrix. 

Structure of confusion matrix is shown in Table I, while 

computation of various assesments are summarized in 

Table II. 

TABLE I.  THE CONFUSION MATRIX OF BINARY LABEL CLASSIFICATION 

 Predict as Positive Predict as Negative 

Actual Positive True Positive (TP) False Negative (FN) 

Actual Negative False Positive (FP) True Negative (TN) 

 

True Positive (TP) = The number of data that their 

actual class is “true” and the model predicts correctly as 

“true”. 

False Negative (FN) = The number of data that their 

actual class is “true”, but the model predicted incorrectly 

as “false”. 

False Positive (FP) = The number of data that their 

actual class is “false”, but the model predicted incorrectly 

as “true”. 

True Negative (TN) = The number of data that their 

actual class is “false” and the model predicts correctly as 

“false”. 

TABLE II.  THE MODEL ASSESSMENT METRICS 

No. Metric Name Formula 

1 Accuracy 
 

2 Recall 
 

3 Precision 
 

4 F1 score 
 

 

Accuracy is an assessment metric that considers the 

overall classification accuracy (for both “true” and “false” 

classes) of the model. It may not be a good metric is the 

dataset is imbalance in that number of data in one class 

significantly outnumbers data in other class. For such 

imbalance cases, we can use other assessment metrics such 

as recall (or sensitivity), precision, and F1 score for a 

specific class of interest (which is normally called a 

positive class). The recall is used to evaluate the model 

performance from a perspective of the power to predict 

correctly as much as possible the data from the class of 

interest. While precision is the assessment of the model 

𝑇𝑃+ 𝑇𝑁

𝑇𝑃+ 𝐹𝑃 + 𝑇𝑁 + 𝐹𝑁
 

𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 

𝑇𝑃

𝑇𝑃+ 𝐹𝑃
 

2 ×
𝑅𝑒𝑐𝑎𝑙𝑙 × 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛

𝑅𝑒𝑐𝑎𝑙𝑙+ 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛
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from the aspect of correctness that a good model should 

not incorrectly predict data in negative class (those that are 

out of interest) to be a positive class. The F1 score is the 

harmonic mean of the values from recall and precision. 

The range of these values are from 0 to 1. The value 1 is 

the most desirable measurement. 

IV. EXPERIMENTATION AND RESULTS 

A.  Dataset 

The data used in this research are the workload log or 

job log of the HPC system. It is the result of recording the 

activity related to the jobs processed on the HPC system, 

which are recorded by the scheduler. The dataset used in 

this research is the HPC-workload logs from two HPC 

systems. The first one is the public dataset obtained from 

the Parallel Workloads Archive which is the workload log 

of the large cluster computers of the Los Alamos National 

Laboratory (LANL) in the United States. The cluster 

computers consist of the Origin 2000 computers, a total of 

2,048 nodes and use the LSF Scheduler. The dataset of 

LANL contains the data from December 1999 to April 

2000, with a data size of 122,233 elements. The second 

dataset is a workload log of a small cluster computer that 

has approximately 500 processing units of the X86_64 

computer. This cluster computer belongs to the National 

Electronic and Computer Technology Center (NECTEC) 

of Thailand. This dataset was recorded by PBS/Torque 

scheduler with a total data size of 87,046 elements.  

 

Figure 4. Histogram of the job success (blue) and error (red) in the 

dataset. 

Fig. 4 shows the proportion between number of job 

completed with success and those completed with error 

status in the two datasets. The job success per job failure of 

the LANL dataset is around 76.5% to 23.5%. This dataset 

shows imbalance between the majority class of job success 

and the minority class of job failure. The NECTEC dataset 

has proportion between job success and job failure at 58% 

to 42%. The amount of data in the two classes are quite 

balance.  

The first step prior to the modeling process is the 

attribute selection. This step corresponds to the main aim 

of this research to model HPC log at the job submit-state 

and job start-state. For creating a model to predict 

success/failure of a job at the job submit-state, we selcet 

three attributes to be used as predictors to predict the target 

value of job status as either success or failure. The three 

predictor attributes are “User ID”, “CPU Request” and 

“Queue Type”. This selection is based on the real situation 

that they are basic information that users need to specify 

before submitting the job into the HPC system. To create a 

model to predict at the job start-state the final job status, 

we additional attribute from the workload log regarding a 

job being processed on the HPC system. Therefore, on 

modeling at the job start-state, four attributes are used as 

predictors to predict success/failure of a job. These 

predictor attributes are “User ID”, “CPU Request”, 

“Queue Type” and “Wait Time”. The target attribute for 

both job at submit-state and job at start-state modeling is 

“Finished Status”. Summary of data attributes is presented 

in Table III. 

The meaning of each attribute is as follows. “User ID” 

is the unique id of HPC-user. “CPU Request” is the 

number of processor elements that the user requires to use 

for the job. “Queue Type” is the queue system in the HPC 

system, which relates to the limitation of job run time. 

“Wait Time” is the period of a job waiting in the queue. 

“Finished Status” is the job status at the job finish-state. 

TABLE III.  THE ATTRIBUTES USED IN THIS RESEARCH 

No. 
Attribute at Job 

Submit-state 

Attribute at Job 

Start-state 
Data Type 

Attribute 

Type 

1 User ID User ID Nominal Predictor 

2 CPU Request CPU Request Numeric Predictor 

3 Queue Type Queue Type Nominal Predictor 

4 n/a Wait Time Numeric Predictor 

5 Finished Status Finished Status Binary Target 

B.  Experimentation 

The experimentation steps in this research are shown in 

Fig. 5. The data collection is the procedure for collecting 

the HPC-workload logs from data sources. After that, it is 

the data pre-processing step. At this step, the data cleaning 

was performed on the HPC-workload log from NECTEC. 

Data cleaning is unnecessary for the LANL dataset as it is 

already in the Standard Workload Format (SWF). After 

that, we split randomly the cleased data into three 

sub-datasets of each HPC-workload log. Each sub-dataset 

consists of 1,000 elements with five attributes: “User ID”, 

“CPU Request”, “Queue Type”, “Wait Time”, and 

“Finished Status”. This research sets the target attribute to 

be “Finished Status”. There are two distinct values in the 

target attribute representing the job status (either success 

or error) after the completion of HPC processing. The 

reason to use different sub-dataset to create the model 

because we would like to observe the model robustness 

when the dataset is changed. 

The next steps are modeling and evaluating 

performance of each model on predicting final status of the 

job while it is at the processing stage in the HPC system. 

The three decision tree learning algorithms (C5.0, CART, 

and CHAID) are applied to create the job failure predictive 

model. In this experiment, we use 70% of the dataset to 

create the model, while the remaining 30% is for testing 

the model's performance. The last step of our 

experimentation is the part of model evaluation and 

comparison. The total scenarioes to test the model are 32 

cases (2 workload log x 3 sub-datasets x 3 DT algorithms x 

2 states of the job). 
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Figure 5. The research workflow. 

C.  Results 

The modeling evaluation results for the models built 

from the NECTEC dataset where the jobs are at the 

submit-state are as follows. The results of the job failure 

predictive model of C5.0 algorithm show the average 

accuracy, average recall, average precision, and average F1 

score at 0.8435, 0.8399, 0.8984, and 0.8670, respectively, 

with the variance of the F1 score at 0.65e-3. The results of 

the job failure predictive model of the CART algorithm 

show the average accuracy, average recall, average 

precision, and average F1 score at 0.8234, 0.8218, 0.8870, 

and 0.8526, respectively, with the variance of the F1 score 

at 0.26e-3. Lastly, the results of the job failure predictive 

model of the CHAID algorithm show the average accuracy, 

average recall, average precision, and average F1 score at 

0.8100, 0.8078, 0.8728, and 0.8388, respectively, with the 

variance of the F1 score at 0.011e-3. 

The modeling results for the case of building predictive 

models with the NECTEC dataset while the jobs are at the 

start state are as follows, The results of the job failure 

predictive model of C5.0 algorithm show the average 

accuracy, average recall, average precision, and average F1 

score at 0.8580, 0.8924, 0.8734, and 0.8817, respectively, 

with the variance of the F1 score at 0.33e-3. Next, the 

results of the job failure predictive model of the CART 

algorithm show the average accuracy, average recall, 

average precision, and average F1 score at 0.8381, 0.8604, 

0.8771, and 0.8686, respectively, with the variance of the 

F1 score at 0.25e-3. Lastly, the results of the job failure 

predictive model of the CHAID algorithm show the 

average accuracy, average recall, average precision, and 

average F1 score at 0.8153, 0.8697, 0.8237, and 0.8446, 

respectively, with the variance of the F1 score at 0.88e-3. 

 
(a) job submit-state 

 
(b) job start-state 

Figure 6. Performance of models built from the NECTEC dataset at 

different HPC processing stages. 

The performances of models built from the C5.0, CART, 

and CHAID algorithms using the NECTEC dataset are 

demonstrated in Fig. 6. The models built from jobs at 

submit-state and jobs at start-state are shown in the upper 

and lower graphs, respectively. 

The results of the experiment using the LANL dataset at 

the job submit state show that the job failure predictive 

model of C5.0 algorithm having the average accuracy, 

average recall, average precision, and average F1 score at 

0.8654, 0.8230, 0.7298, and 0.7734, respectively, with the 

variance of the F1 score at 0.69e-3. The results of the job 

failure predictive model of the CART algorithm show the 

average accuracy, average recall, average precision, and 

average F1 score at 0.7893, 0.7876, 0.5151, and 0.6010, 

respectively, with the variance of the F1 score at0.061e-3. 

Lastly, the results of the job failure predictive model of the 

CHAID algorithm show the average accuracy, average 

recall, average precision, and average F1 score at 0.8390, 

0.8096, 0.6551, and 0.7166, respectively, with the 

variance of the F1 score at 0.022e-3. 

The results of the experiment in the case of LANL 

dataset at the job start state are as follows. The job failure 

predictive model of C5.0 algorithm shows the average 

accuracy, average recall, average precision, and average F1 

score at 0.8700, 0.8422, 0.7227, and 0.7777, respectively, 

with the variance of the F1 score at 0.87e-3. The results of 

the job failure predictive model of the CART algorithm 

show the average accuracy, average recall, average 

precision, and average F1 score at 0.7861, 0.8171, 0.4796, 

and 0.5712, respectively, with the variance of the F1 score 

at 0.0189. Lastly, the results of the job failure predictive 
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model of the CHAID algorithm show the average accuracy, 

average recall, average precision, and average F1 score at 

0.8345, 0.8332, 0.6282, and 0.6955, respectively, with the 

variance of the F1 score at 0.094e-3. 

The performance comparison of the predictive models 

of C5.0, CART, CHAID algorithms built from the LANL 

dataset are shown in Fig. 7. The upper graph correspomds 

to models built from jobs at submit-state, whereas the 

lower graph shows performance of models built from jobs 

at start-state. 

 
(a) job submit-state 

 
(b) job start-state 

Figure 7. Performance of models built from the LANL dataset at different 

HPC processing stages.  

V. DISCUSSION 

The overall performance of all the predictive models to 

forecast job failure when processing in the HPC system 

gives the average accuracy of the model not less than 78%. 

The performance of the predictive model of the C5.0 

algorithm is better than the predictive model of other 

algorithms in almost every test case. The C5.0 achieves the 

best average accuracy of 85.8% and 87% for the NECTEC 

and the LANL datasets, respectively. While, the predictive 

model of CART shows the lowest performance with   

83.81% and 78.93% of average accuracy for the NECTEC 

dataset and the LANL dataset, respectively. 

The models to predict job failure while processing in the 

HPC system built from decision tree algorithms can give 

high accuracy in every test case of the two HPC-workload 

datasets. But, the precision value of the model is quite low 

in the test case of the LANL dataset. The reason for this is 

that the LANL dataset has a high imbalance ratio between 

majority and minority classes. The low accuracy is from 

the predictive models built with the DT algorithms being 

unable to predict correctly the minority class. 

The results regarding the performances of the predictive 

models at two different job states are the case of NECTEC 

workload log (Table IV) and LANL workload log (Table 

V) show that the predictive model being built while jobs 

are at start-state can predict the job failure at the end of the 

HPC processing slightly better than the model built from 

the jobs at job submit-state. This is because at the 

start-state there exist more useful information than while 

the jobs are at the submit-state. However, the predictive 

model to job failure prediction in the HPC system at job 

submit-state shows the best efficiency when considering 

the performance of the model together with the overhead 

of job waiting time. In both datasets, there are jobs waiting 

in the queue of the HPC system more than 80%. 

TABLE IV.  PERFORMANCE OF THE BEST PREDICTIVE MODEL (C5.0) 

BUILT FROM NECTEC WORKLOAD-LOG AT DIFFERENT STAGES: JOB 

SUBMIT-STATE VS JOB START-STATE 

NECTEC 
Accuracy 

(avg) 

Recall 

(avg) 

Precision 

(avg) 

F1 Score 

(avg) 

Submit-state 0.8435 0.8339 0.8984 0.8670 

Start-state 0.8580 0.8924 0.8771 0.8817 

TABLE V.  PERFORMANCE OF THE BEST PREDICTIVE MODEL (C5.0) 

BUILT FROM LANL WORKLOAD-LOG AT DIFFERENT STAGES: JOB 

SUBMIT-STATE VS JOB START-STATE 

LANL 
Accuracy 

(avg) 

Recall 

(avg) 

Precision 

(avg) 

F1 Score 

(avg) 

Submit-state 0.8654 0.8230 0.7298 0.7734 

Start-state 0.8700 0.8422 0.7227 0.7777 

VI. CONCLUSION 

This research proposed the predictive modeling 

framework to create a model for forecasting job failure 

while processing in the HPC system. The model was 

created through the machine learning technique using 

three decision tree algorithms: C5.0, CART, and CHAID. 

The obtained model can be applied to help users make an 

efficient justification while their job is running in the HPC 

system. The datasets used in this work are the two 

HPC-workload logs that were collected from the operation 

of the HPC systems at NECTEC, Thailand, and LANL, 

USA. The results of the comparative study regarding the 

model performance show that the job failure predictive 

model built by the C5.0 algorithm has the best 

performance with an average accuracy of 85.8% and 87% 

using NECTEC dataset and LANL dataset, respectively. 

The C5.0 model also has robustness on data instability.  

In the part of the comparative study when models are 

built at different job states, we found that performance of 

the model built from jobs while those jobs were at the 

start-state shows better accuracy than the model built from 

jobs running at the job submit-state. This finding is agree 

upon the two datasets. However, when considering the 

model accuracy with the tradeoff regarding the overhead 

of waiting time, we suggest that the position of the job at 

submit-state is more suitable to be applied for creating the 

job failure predictive model than the position of the job at 

start-state. 
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