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Abstract

The quality of human capital is crucial for high-tech companies to maintain competitive advantages in knowledge economy era. How-
ever, high-technology companies suffering from high turnover rates often find it hard to recruit the right talents. In addition to conven-
tional human resource management approaches, there is an urgent need to develop effective personnel selection mechanism to find the
talents who are the most suitable to their own organizations. This study aims to fill the gap by developing a data mining framework based
on decision tree and association rules to generate useful rules for personnel selection. The results can provide decision rules relating per-
sonnel information with work performance and retention. An empirical study was conducted in a semiconductor company to support
their hiring decision for indirect labors including engineers and managers with different job functions. The results demonstrated the prac-
tical viability of this approach. Moreover, based on discussions among domain experts and data miner, specific recruitment and human
resource management strategies were created from the results.
� 2006 Elsevier Ltd. All rights reserved.
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1. Introduction

Human capital is one of the core competences for high-
tech companies to maintain their competitive advantages in
the knowledge economy. Personnel recruitment and
selection directly affect the quality of employees. Hence,
various studies have been conducted on resumes, inter-
views, assessment centers, job knowledge tests, work sam-
ple tests, cognitive tests, and personality tests in human
resource management to help organizations make better
personnel selection decisions. Indeed, the existing selection
approaches focus on work and job analysis that are
defined via specific tasks and duties based on their static
properties.
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However, owing to the changing nature of knowledge
workers in high-tech industry, jobs cannot be easily delin-
eated especially for jobs in the management level. As glob-
alization and technology advance, cross-functional tasks
are also increased while new jobs are also constantly cre-
ated. The requirements of personnel quality in high-tech-
nology companies are increasingly strict, while the work
processes in these companies are becoming diversified
and complicated. Thus, the conventional personnel selec-
tion approaches that are developed on the basis of static
job characteristics will no longer suffice (Lievens, Van
Dam, & Anderson, 2002). In order to find the right people
to do the right things for the right jobs, developing effective
selection approaches is very critical.

A high-tech industry such as semiconductor industry has
many unique or unusual characteristics including complex
and highly uncertain manufacturing processes, short
product life cycles, low yield problems, and difficulties in
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acquiring human capital (Chien & Wu, 2003; Sattler &
Sohoni, 1999). Thus, the quality of their human resource
is very crucial in increasing their competitiveness. In addi-
tion, Appleyard and Brown (2001) analyzed the firm-level
data from semiconductor manufacturers in the United
States, Asia, and Europe and found that engineers play
important and growing roles in creating high-perfor-
mance semiconductor factories. Nevertheless, semiconduc-
tor companies, as well as other high-technology companies,
often suffer from high turnover rates and difficulties in
recruiting the right talents. In order to attract good appli-
cants, companies provide attractive compensation and wel-
fare benefits. However, despite the willingness of many
companies to do all that they can to recruit the best people,
they usually have difficulties at the selection stage in pre-
dicting which applicants would have better work perfor-
mance and would have longer service time after they are
hired. Therefore, selecting the right engineers who can
demonstrate the best performance and who will stay with
the company for a long time is of great urgency for every
high-technology company.

Recently, owing to the advancements in information
technology, researchers have developed decision support
systems and expert systems to improve the outcomes of
human resource management. In particular, data mining
is recognized as one of the most salient topics. Data min-
ing refers to the extraction of useful patterns or rules from
a large database through an automatic or semi-automatic
exploration and analysis of data (Berry & Linoff, 1997;
Chen, Han, & Yu, 1996). With the help of data mining
techniques, computers are no longer limited to passively
storing or collecting data. They can also help the users
to actively excerpt the key points from huge amounts of
data, and make use of analysis or prediction. Data mining
techniques have been widely applied in many fields and
have exhibited outstanding results. However, the applica-
tions of data mining in the semiconductor industry are
mostly related to engineering data analysis and yield
enhancement (Braha & Shmilovici, 2002; Kusiak, 2001;
Chien, Hsiao, & Wang, 2004; Chien, Wang, & Cheng,
2007). Little research has been done in human resource
management.

This study aims to develop a data mining framework
for personnel selection to explore the association rules
between personnel characteristics and work behaviors,
including work performance and retention. An empirical
study for indirect labor (IDL) including engineers with
different job functions in one of the world largest semicon-
ductor foundry company located in the Hsinchu Science
Park in Taiwan is studied to demonstrate the validity of
this approach. In particular, we employ decision tree
analysis to discover latent knowledge and extract the
rules to assist in personnel selection decisions. Further-
more, using the information gathered, domain ex-
perts from this company can also generate recruiting and
human resource management strategies. Some of the
findings have been implemented in this company and
the results have shown the practical viability of this
approach.

2. Fundamentals

2.1. Personnel selection

Personnel selection plays a decisive role in human
resource management in which it will determine the input
quality of personnel. Researchers (Borman, Hanson, &
Hedge, 1997; Robertson & Smith, 2001) reviewed the per-
sonnel selection studies and found that the important issues
including change in organizations, change in work, change
in personnel, change in the society, change of laws, and
change in marketing have influenced personnel selection
and recruiting. Hough and Oswald (2000) also reviewed
personnel selection studies from 1995 through 1999 and
concluded that the nature and analysis of work behavior
are changing and hence affecting personnel selection prac-
tices. Lievens et al. (2002) identified challenges in personnel
selection including labor market shortages, technological
developments, applicant perception of selection proce-
dures, and construct-driven approaches.

Meanwhile, advancements in information technology
are also affecting personal selection as well as human
resource management (Beckers & Bsat, 2002; Kovach &
Cathcart, 1999; Liao, 2003). The applications of expert sys-
tems or decision support systems on personnel selection
and recruitment are increasing (e.g., Hooper, Galvin, Kil-
mer, & Liebowitz, 1998; Nussbaum et al., 1999). However,
little research has employed data mining approaches for
personnel selection as the present study does.

2.2. Data mining

Date mining methodologies have been developed for
exploration and analysis, by automatic or semi-automatic
means, of large quantities of data to discover meaningful
patterns and rules. Indeed, such data including personnel
data can provide a rich resource for knowledge discovery
and decision support. Therefore, data mining is discov-
ery-driven not assumption-driven. Data mining involves
various techniques including statistics, neural networks,
decision tree, genetic algorithm, and visualization tech-
niques that have been developed over the years.

Data mining problems are generally categorized as asso-
ciation, clustering, classification, and prediction (Fayyad,
Piatesky-Shapiro, & Smyth, 1996; Fu, 1997; Han & Kam-
ber, 2001). Association is the discovery of association rules
showing attribute-value conditions that occur frequently
together in a given dataset. Clustering is the process of
dividing a dataset into several clusters in which the intra-
class similarity is maximized while the inter-class similarity
is minimized. Classification derives a function or model
that identifies the categorical class of an object based on
its attributes. Prediction is a model that predicts a contin-
uous value or future data trends.
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Data mining has been applied in many fields such as
marketing, finance, banking, manufacturing, health care,
customer relationship management, failure detection and
prediction, and organization learning (e.g., Chien, Chen,
& Lin, 2002; Peng & Chien, 2003; Peng, Chien, & Tseng,
2004; Shiue & Su, 2003; Shaw, Subramaniam, Tan, &
Welge, 2001; Wei & Chiu, 2002; Wu, Kao, Su, & Wu,
2005). However, its application in human resource man-
agement is rare. In particular, Cho and Ngai (2003) used
data mining to develop a decision support system to predict
the length of service, sales premiums, and persistence indi-
ces of insurance agents. The authors (Chien, Wang, &
Chen, 2005) also employed data mining to analyze mis-
operation behaviors of operators.
2.3. Decision tree

Decision tree is a data mining approach that is often
used for classification and prediction. Although other
methodologies such as neutral network can also be used
for classification, decision tree has the advantages of easy
interpretation and understanding for the decision makers
to compare with their domain knowledge for validation
and justify their decisions. In addition, decision trees can
analyze various data without requiring the assumptions
about the underlying distribution. Thus, the proposed
approach is based on decision tree for human resource data
mining to generate rules for personnel selection.

Decision trees are usually presented in a tree structure,
with leaves and stems. The hierarchical structure of deci-
sion trees could analyze different levels of factors. Every
leaf reveals the classification result, while the stems indicate
the conditions of the attributes. Given a set of training
instances, including input variables and a corresponding
output variable, a decision tree can be constructed depend-
ing on certain learning strategies to sort the variables into
classes and provide the inductive rules. In particular, sev-
eral algorithms such as CART (Breiman, Friedman,
Olshen, & Stone, 1984), CHAID (Kass, 1980), ID3 (Quin-
lan, 1986), and C4.5 (Quinlan, 1993) have been developed
for decision tree induction. In particular, CHAID (i.e.,
Chi-squared automatic interaction detection) is a non-bin-
ary decision tree that is designed specifically to deal with
categorical variables and can determine the best multi-
way partitions of the data on the basis of significance tests
Table 1
A comparison of CART, CHAID, ID3, and C4.5

Algorithm Authors Data type Tree-pruning
methods

CHAID Hartigan (1975) Discrete No pruning

CART Breiman et al.
(1984)

Discrete and
continuous

Overall error rate

ID3 Quinlan (1986) Discrete No pruning
C4.5 Quinlan (1993) Discrete and

continuous
Estimated error
rate
(Kass, 1980). CART (i.e., classification and regression tree)
is a binary decision tree with the Gini index of diversity as
the splitting criterion, and pruning by minimizing the true
misclassification error estimate (Breiman et al., 1984).
CART can deal with categorical and continuous variable.
C4.5 is a variant and extension of a well-known decision
tree algorithm, ID3 (Quinlan, 1993). The splitting criterion
of C4.5 algorithm is gain ratio that expresses the propor-
tion on information generated by a split. The error-based
pruning is used for pruning in C4.5. In general, the objec-
tive of these algorithms is to maximize the distance between
classes. These algorithms can be distinguished in terms of
different distance measurements, pruning methods, missing
value disposition, the number of branches at each node,
and the data type they could handle. Table 1 summarizes
the comparison of various induction algorithms.
3. Approach

This research constructed a framework for human
resource data mining to explore the relationships between
personnel profiles and work behaviors. Through the pro-
posed methodology, hidden information could be extracted
from large volumes of personnel data and thus the decision
makers can have a better understanding and visualization
of such latent knowledge. The discovered rules can be used
to identify effective sourcing channels to find right talents
and develop selection criteria. Fig. 1 shows the framework
with the following steps:

(1) Problem definition and objective structuring:
The first step in data mining is to understand and
define the right problem and specify the objectives.
Meanwhile, data miner should also equip themselves
with domain knowledge to understand problem
nature, which will greatly improve data mining effec-
tiveness and efficiency. Indeed, human resource man-
agement activities are very complicated and thus few
quantitative approaches have been employed in
practice.

(2) Data collection and preparation:
Through understanding the sources and types of
related data that can be gathered, collecting the right
data is the basis of data mining. Indeed, human
resource data usually stored in separate database
Number of branches
at each node

Missing value
methods

Split criteria

Two or more Missing value branch P value for
Chai-square test

Two Alternate/surrogate
splits

Gini value
entropy

Two or more Cannot handle Information gain
Two or more Probability weight Gain ratio
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Fig. 1. A data mining framework for personnel selection.
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for privacy. The related data need to be combined
and prepared before further analysis. However, the
collected data often include noisy, missing and incon-
sistent data. Following Pyle (1999), data preparation
processes that consist of checking the data distribu-
tion and outliers, dealing with empty or missing val-
ues, enriching data, and transforming data into
analyzable formats were employed to improve data
quality and to thus enable effective data mining.

(3) Data mining model construction:
The present problem on predicting work behav-
iors can be structured as a classification problem.
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Considering the needs for result interpretation and
rule justification, decision tree is employed for human
resource data mining. Since most of the personnel
data are categorical variables, CHAID is used to con-
struct the tree via significant relationships among the
variables for classification.

(4) Model analysis and evaluation:
The constructed model should be reviewed and eval-
uated before it can be used for decision support. To
evaluate the model, we used lift as the criteria to
assess the performance of the classification method
and to select useful extracted rules. In addition, we
also determine the acceptable sample size as a screen-
ing mechanism to keep only significant findings with
sufficient data support. Moreover, in order to dis-
cover the most viable rules, we can choose different
attributes to split the tree and hence form probable
relationships among them.

(5) Interpretation and knowledge extraction:
Data mining results should be interpreted and
assessed according to the experience and knowledge
of domain experts in order to justify the meaning of
extracted knowledge. For any unusual pattern or
result which is counter common practice, a further
study will be initiated to confirm its validity. Thus,
the useful information or patterns can be extracted
and summarized into decision support rules.

(6) Using discovered knowledge:
The discovered knowledge can be the basis for deci-
sion support to generate human management and
personnel selection strategies. It can also be used to
improve related management activities. Furthermore,
since the empirical models derived from data mining
have life cycle and thus need to be reviewed periodi-
cally to maintain its validity.

4. An empirical study

4.1. Background and significance

The case company was established in 1987 in the Hsin-
chu Science Park, Taiwan and is the global leader in semi-
conductor foundries. It has distinguished itself in the field
by providing advanced wafer production processes and
demonstrating incomparable manufacturing efficiency.
Furthermore, this company has been continuously ranked
as the most reputable enterprise, and it also offers the most
attractive jobs to students. By the end of February 2005, its
total workforce reached 18,570, including 1853 managers,
6715 professionals, 750 assistant engineers and clerical
staff, and 9223 technicians. The company’s employees are
well educated including 2.4% with PhD degrees, 26.5% with
Master degrees, 17.6% with university bachelor degrees,
23.9% with other college degrees, and 29.6% with high
school diplomas. In addition, since this company was
founded in 1987, most of the employees are quite young
and their length of stay is not very long. The average age
of her employees is 30.6 years old, while their average ser-
vice year is 4.8 years. Among the professionals, engineers
with different job grades including engineers, senior engi-
neers, and chief engineers who were hired from 2001 to
2004 and thus have at least one record of annual perfor-
mance evaluation were analyzed in this study.

Attracting and retaining the right and high-potential
talents are the key objectives of a sound human resource
strategy in knowledge economy. However, the recruiting
department sustains heavy loads for hiring new employees
due to low retention rate given high-pressure in high-
tech industry. Furthermore, although every applicant has
gone through long rounds of the selection processes before
he or she could be hired, the line managers may still
complain about high turnover rates and unacceptable
performance. Thus, it is a challenge for many recruiters
to predict the work behaviors of applicants by using lim-
ited information that could be gathered while in the selec-
tion stage. In addition, it is quite normal that applicants
would show their best during the selection process, and
this misleads the judgment of those involved in the
recruitment.

There is a need for the case company to investigate the
relationships between personnel data and their work
behaviors so as to develop effective recruitment channels
and the right screening criteria to identify the best talents
in the selection stage for different job functions. Job perfor-
mance, service length, and resignation are the major work
behaviors considered and we focused on the subjects with
outstanding or poor performance.

4.2. Problem definition and objective

In order to identify effective recruitment channels to
access high-potential talents and design the appropriate
screening criteria for selecting the right ones for different
job functions, this study developed a data mining frame-
work for analyzing human resource data, in which decision
tree was employed to extract rules between applicants’ pro-
files and their work behaviors. In other words, the objec-
tives of the case company is to predict applicants’ work
behaviors including job performance and retention based
on the inputs of profile attributes that can be obtained in
the selection stage. These input variables include demo-
graphic data such as age, gender, marital status, educa-
tional background, work experience, and the recruitment
channels such as internal or external. Fig. 2 illustrates the
conceptual structure.

In particular, the data on the new employees hired from
2001 to 2004 for 19 job functions with specific job grades
were collected and prepared for the present analysis. The
total sample size is 5289. Since some job functions are spar-
sely populated, after discussions with domain experts, we
focused on major function areas and thus the sample size
was reduced to 3825. Furthermore, the engineers were cat-
egorized into five areas by combining functions with simi-
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Fig. 2. Conceptual analysis framework.
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larity in terms of desired characteristics. Tables 2 and 3 lists
the general work descriptions of these five functions. For
performance analysis, we focused on extracting informa-
tion related to those who with job performances either
‘‘outstanding’’ (top 10%) or ‘‘improvement needed’’ (bot-
tom 5%). As for retention analysis, 940 of the 3825 samples
had already quit their jobs. According to the domain expe-
rience of human resource experts in the company, if one
employee quits the job within three-month probation per-
iod, the recruitment process is considered failed and the
investment of freshman training is wasted. On the other
hand, if one employee quits the job within one year after
he or she was hired, it is considered as a management prob-
lem. Thus, the characteristics of those who failed the pro-
bation and those who quit within one year are especially
analyzed to uncover the relationship of personal profiles
and job functions. We also considered the turnover reasons
to help understand the factors affecting the retention rate to
generate improvement strategy.
The distribution of degree by different job functions

Function Degree Total

PhD & MS BS Others

N % N % N % N %

A 491 31.1 1054 66.7 36 2.3 1581 100.0
B 887 87.6 125 12.4 0 0.0 1012 100.0
C 472 89.2 56 10.6 1 0.2 529 100.0
D 145 77.5 41 21.9 1 0.5 187 100.0
E 456 88.4 47 9.1 13 2.5 516 100.0

Total 2451 64.1 1323 34.6 49 1.3 3825 100.0
4.3. Data preparation

Because the collected personnel data are complex and
often include noisy, missing, and inconsistent data, data
preprocessing was conducted to improve the quality of
the data. Then, the selected data are transformed into
appropriate formats to support meaningful analysis. In
particular, the target variables including job performance,
retention, and turnover reasons are prepared as follows:
Table 2
The general work descriptions of different job functions

Function General work description

A The role is responsible for improving tool ability and performan
performance, training and transferring company culture to new

B The role is responsible for process developing/tuning of lithogra
relative teams

C The role is responsible for customer product handling, experime
D The role’s responsibilities include device performance improvem

cross-fab alignment
E The role is responsible for the research and development of an ad

of customers’ design kit technical issues, and discussion with ED
(1) Job performance: The company has established a per-
formance management system to evaluate employees’
performance. This annual performance review pro-
cess provides a formal opportunity for each employee
and the managers to discuss previous performance
and set goals for the future development. They
also rank employees’ performance into three catego-
ries: outstanding (only top 10%), successful (85%),
and improvement needed (bottom 5%). While the
majority of employees were ranked as ‘‘successful’’,
the employees with the performances either ‘‘out-
standing’’ or ‘‘improvement needed’’ should be
differentiated.

(2) Retention (separate): Although it seems to be
unavoidable that some new hired employee may not
be able to fit in as expected, retention rate is a critical
issue since this company invests a lot on her
employee. Thus, this analysis was performed in two
aspects, i.e., retention within three months due to
failed recruiting process and retention within one
year due to management and employee development
failure.

(3) Turnover reasons: When an employee resigns, he or
she would have an interview with the immediate
supervisor and HR staff, in which 33 types of turn-
over reasons may be selected. The employee could
choose up to three major reasons causing his or her
resign, while the immediate supervisor can also
choose one reason causing this employee to quit.
Finally, after the interview, the HR staff would make
ce, installing new tools, relocating used tools and checking tool
comers, and troubleshooting tools
phy technology, and making the process successful after co-working with

nt lot planning and results analysis, and yield improvement
ent/tuning, device yield improvement, new device definition/design, and

vanced model design environment and methodology, support and solution
A tools vendors on any design kits and design flow problems
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the judgment of the most possible turnover reason of
the resigned employee. After discussing with domain
experts, we categorized these data of turnover reasons
into four categories including internal push factors,
external pull factors, personnel issues, and company
initiatives.

The following 8 profile variables can be collected during
the selection stage and thus can be used as the predictors
for this analysis. In particular

(1) Age: This attribute shows the age of the employee
upon hiring. Rather than using the filled data, we
used the variable derived from the birthday and hir-
ing day for data integrity. Furthermore, we also
transformed the data into meaningful categories.

(2) Gender: Female and male.
(3) Marital status: single, married without children, mar-

ried with children, divorced with children.
(4) Experience: This attribute indicates previous work

experiences. It is transformed into two categories:
those who have more than one year of previous work
experience that is denoted as ‘‘yes’’; otherwise, ‘‘no.’’

(5) Education: There were four categories of degrees:
high school level and below, junior college degree,
bachelor degree, and master and above.

(6) Major subjects: There were 52 different major
subjects such as electrical engineering, material sci-
ences, and industrial engineering in the original data
set. However, only eleven majors have more than
50 samples and the other majors without sufficient
samples are grouped into one category denoted as
‘‘others’’.

(7) School/School tiers: This variable denotes the school
from which the employee was graduated from. Orig-
Fig. 3. Decision tree for pre
inally, there were 114 different universities in the data.
However, this variable was transformed into four cat-
egories including three tiers of Taiwanese universities
and fourth denoting the others.

(8) Recruitment channel: The recruitment channels
include the internal channel and the external
channel.
Although the input variables of age, gender, and marital
status showed some interesting patterns, they were
excluded them the analysis due to the concern of discrimi-
nation for hiring that may against the equity principle.
Furthermore, we found most of the data were unbal-
anced distributed among the different instances of the vari-
ables. For example, most of the employees are majored in
electrical engineering, male, graduated from tier one
universities.
4.4. Data mining and model construction

We used CHAID as the data mining tool to explore the
latent relationships among the input employee profiles and
target variables of work behaviors such as job perfor-
mance, retention, and turnover reasons. In particular, we
investigated every possible tree structure by changing dif-
ferent splitting attributes from the root node to the leaves
to find the potential relationships. For example, with job
performance as the target, we conducted decision tree anal-
ysis with the input variables: degree, experience, recruit-
ment source, and school tiers. We split the tree from the
root node by using different input variables and hence to
derive different decision tree structures. Fig. 3 illustrates
one of the developed trees. Since the data set was unbal-
anced distributed, we explored alternative tree structures
to seek the latent rules.
dicting job performance.



Table 4
Some examples of the job performance rules

No. Rule Lift

1 IF recruit channel = external 1.06
THEN he/she will perform with a level of improvement
needed. (n = 95; confidence = 84%)

2 IF experience = no 1.05
THEN he/she will perform with a level of improvement
needed. (n = 214; confidence = 83%)

3 IF degree = others 1.14
THEN he/she will perform with a level of improvement
needed. (n = 105; outstanding performance rate = 90%)

4 IF school tier = {2,4} 1.09
THEN he/she will perform with a level of improvement
needed. (n = 149; confidence = 86%)

5 IF degree = master’s and above, recruitment
channel = internal, and school tier = {1,2}

3.00

THEN he/she will perform excellently. (n = 24;
confidence = 63%)

6 IF degree = master’s and above, recruitment
channel = external, and school tier = {2,3,4}

1.12

THEN he/she will perform with a level of improvement
needed. (n = 27; confidence = 96%)

Table 5
Some examples of the derived rules for resignation

No. Rule Lift

1 IF function = C and experience = yes 2.52
THEN he/she will quit within three months. (n = 94;
resignation rate = 20%)

2 IF function = C and experience = no 1.02
THEN he/she will not quit within three months. (n = 245;
resignation rate = 94%)

3 IF function = B and recruit channel = internal 1.15
THEN he/she will quit within one year. (n = 75;
resignation rate = 31%)

4 IF function = B and recruit channel = external 1.08
THEN he/she will not quit within three months. (n = 208;
resignation rate = 79%)

5 IF function = C and experience = yes and recruit
channel = external

4.65

THEN he/she will quit within three months. (n = 27;
resignation rate = 37%)
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4.5. Model analysis and evaluation

Furthermore, we employed the indexes, i.e., confidence
and lift, to test the appropriateness of derived rules from
constructed decision tree. In particular, confidence denotes
the prediction accuracy that a subset can be categorized
into a specific class. Lift is a ratio that is commonly used
to assess the performance of the classification method. It
indicates the change in concentration of a specific class
when the rule is used to select a subset from the general
population and thus the lift should be greater than one.
That is,

ConfidenceAðRule iÞ ¼ Pðclass Ajsubset data selected

by Rule iÞ ð1Þ

LiftAðRule iÞ ¼ Pðtarget class Ajsubset iÞ
P ðtarget class AjpopulationÞ ð2Þ

In addition, the tree was pruned so that the sample size of
the leave node should not be less than 20 to have a signif-
icance level of supporting samples.

After the preliminary analysis, 50 rules associated with
job performance and 16 rules associated with retention
were discovered. Tables 4 and 5 list some of the derived
rules. Table 6 shows the frequencies of each attribute that
is connected to the predicted targets. As shown in the
results, the variables of functions, school tiers, degree,
and experience were the major attributes related to the pre-
dicted targets.

4.6. Interpretation and knowledge extraction

The results were then presented to a group of human
resource experts for interpretation and discussions of
potential usages of extracted rules. Finally, a total of 30
meaningful rules were chosen to develop the recruitment
strategies. In particular, we discussed the proposed strate-
gies according to recruitment channels, education, and
work experience as follows:

(1) Recruiting channels:
The employees recruited from internal channels
are more likely to exhibit better job performance
than those who were recruited from external chan-
nels, though most of the existing employees were
hired from external channels. Furthermore, although
employee graduated from tier one university and
employee graduated from tier two yet with master
Table 6
Frequencies of each attribute that is related to the predicted targets

Target Attribute

Functions School/School tier Recruitment ch

Job performance 14 26 26
Retention 22 8 8

Total 36 34 34
degree are generally considered with high-potential,
we found internal hired were even significantly better
than those from external channels. In addition, for
the employees of function C, we found that the
employees who had more than one year of previous
work experience and were hired from external chan-
nels would be more likely to quit within three months
annel Degree Experience Job performance Major

22 20 0 2
4 4 6 0

26 24 6 2
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than those who were hired from internal channels.
This finding was supported by domain knowledge
since the employees recruited from internal channels
usually stay longer, since the referrals should have
shared more information about the job and the com-
pany. Thus, this company has adapted this finding
and developed a strategy to raise a campaign for pro-
moting the referrals by giving cash bonus to success-
ful hiring.
Nevertheless, for the employees of function B, the
employees hired from internal channels had not
shown less proportion to quit within three months
than those hired from external channels. The human
resource staff compared their job contents with com-
petitors and thus suggested the redesign of their role
and responsibility of the employees in Function B.

(2) Education:
As shown in the results, the employees who grad-
uated from first tier schools and those who with higher
degrees were more likely to exhibit better performance
in several dimensions. For example, the employees
with a master or Ph.D. degree did show better perfor-
mances than people with other degrees. Furthermore,
for the employees with a higher degree and hired from
external channels, those who were graduated from
first tier schools would perform better than those
who graduated from other schools. In addition, for
the employees with a higher degree and hired from
internal channels, those who graduated from the first
or second tier schools would perform better than
those who graduated from other schools.
However, for Function A, we found a controversial
result that those who graduated from first tier schools
and exhibited good performance were not likely to
stay long and their resignation rate within one year
was higher than those who graduated from other
schools. Indeed, it makes sense to human resource
staffs since they found the jobs in Function A includ-
ing equipment engineering were not so attractive to
the first tier graduates, though they could perform
well. Thus, this company has adapted this finding
and developed a job rotation strategy to allow the
good performed engineers in Function A to be able
to rotate to other functions before they quit the jobs.

(3) Work experience:
Employees with one or more years of work experi-
ence exhibited better performance as compared to
those without experience. As recognized earlier, the
employees with a master or higher degree showed bet-
ter performances than the others and they were even
better if had more work experience. Furthermore, the
employees who majored in chemical or material engi-
neering and had work experience would exhibit better
performance.
On the other hand, the employees with one or more
years of work experience had a higher resignation
rate within three months as compared to those
without experience, especially in Function C. Since
those who had previous work experience would
tend to compare their new jobs with previous ones,
some of them may thus quit within first three months
of probation and even return to their previous
company. Thus, this company has adapted this
finding to demand line manager and HR staff to
pay attention to facilitate those who had previous
work experience and also redesign some jobs in Func-
tion C.
Although we have derived several rules associated
with turnover reasons, the HR staff thought these
rules to be divergent for implementation after exam-
ining them. Nevertheless, future research will be done
to redesign the survey for collecting true cause of
turnover and thus conduct in depth analysis to
improve retention rate.

4.7. Using discovered knowledge

Based on the findings and the interpretations through
data mining and discussions, we developed specific recruit-
ing strategies in order to fulfill the ‘‘right fit from the best’’
policy. Firstly, the company should recruit the students
from the first tier schools through promoting their Univer-
sity Relationship Program (URP). Now this company has
established this program with the four first tier universities
in Taiwan and also extended it to major universities in USA
including UC Berkeley, MIT, and Stanford. Secondly, this
company has promoted a campaign for employee referral
via cash award as well as professor referral system through
the URP. Thirdly, some job functions are redesigned and
their roles and responsibilities are adjusted to be competi-
tive for attracting high-talents. Fourthly, job rotation
mechanism is developed for cross functions to save high-
performance talents from tedious jobs. Fifthly, mentoring
system is developed for new hired employee and potential
employees in the URP from the first tier schools.

5. Concluding remarks

High-tech companies rely on human capital to maintain
competitive advantages. This study developed a data min-
ing framework to extract useful rules from the relationships
between personnel profile data and their work behaviors.
Furthermore, we developed useful strategies with domain
experts in the case company and most of the suggestions
have been implemented. With an effective personnel selec-
tion process, organizations can find the suitable talents at
the first time to improve retention rate and generate better
performance. In addition, the mined results have also
assisted in improving human resource management activi-
ties including job redesign, job rotation, mentoring, and
career path development.

This study used applicants’ demographical data such as
age, gender, marital status, education background, and
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work experience to predict their work performance and
retention. Indeed, other demographical data and test
results may be considered to improve the accuracy of the
prediction or generate other potentially useful rules. Future
study can be done to collect possible input variables such as
address, the rank or scores in school, and number of owned
licenses and to uncover buried relationships. Furthermore,
although we have examined turnover reasons, the HR staff
thought the derived rules to be divergent for implementa-
tion. Future research should be done to redesign the survey
for collecting true turnover reasons for in depth analysis to
help managers understand the root causes and thus take
actions to effectively improve retention rate.

Decision tree is used for data mining in this study
because it is easier to understand and it offers an acceptable
level of accuracy. The empirical study has shown practical
viability of this approach for extracting useful rules for
human resource management in the semiconductor indus-
try. Alternative data mining techniques such as neural net-
work can be studied in future research to compare various
approaches and may thus integrate them for better explora-
tion of complex interrelationships among the input person-
nel variables and target work behaviors. Furthermore, this
methodology can also be applied to other jobs like opera-
tors or management level jobs, and to other industries to
find matched talents to enhance human capital. The vali-
dated results can be integrated into the human resource
information system (HRIS) as a preliminary screening
mechanism for the large amount of resumes gathered from
external recruiting channels such as internet to reduce the
workload of recruiters and save on both visible and invisi-
ble costs.
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