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2.1  Introduction

This chapter analyzes the relationship between human resource (HR) systems and
fab performance. Within an HR system are many separate components. Through our field
work, we have noticed that there appear to be a few different, but equally effective, HR
systems in practice. A common characteristic of these successful HR systems is that the
distinct components are complementary or reinforcing. Our statistical analysis confirms
this important characteristic of HR systems in high-performing fabs.

In order to analyze statistically the relationship between the HR system and firm
performance, we must establish measures of the HR practices and performance and set up
the statistical procedures to use. To measure performance, we will use efficiency and
quality measures at the fab level developed by the CSM main study research team.
Workers in a fab are aware of these observable intermediate measures of performance, and
managers use various forms of them to set production goals for the fab (detailed
descriptions of the performance metrics are contained in section 2.2). Although
profitability or return on capital may best represent overall performance, it is difficult, if
not impossible, to measure the profitability of an individual fabrication plant since a fab is
one of many units within the firm, which does not calculate the profitability of individual
plants since each product is usually produced at several plants (often using different
equipment), each fab produces a variety of products, and much of the semiconductor
output is used internally in other products.2

To measure human resource practices, we created measures of three significant
components of the HR system. These measures focus on skills developed (training breadth
and depth and experience) and the actual skills used in job tasks; worker involvement in
specific activities (both individually and in teams); and the reward system (detailed
descriptions of the HR metrics are contained in section 2.2).

Since we have five performance and 38 human resource variables, our small
sample size (16 fabs) requires that we use statistical techniques to reduce the number of
performance and HR variables down to a number that is smaller than the number of
observations. Although these procedures produce significant results, they can be difficult
to interpret. However, we are able to use our knowledge gained from site visits to help us
understand the underlying effects of human resource policies on fab performance.

We use three levels of statistical analysis, which go from analysis of more general
measures to more detailed measures. The first level reduces the number of performance
metrics from five to two and the number of human resource variables to three. This
analysis is statistically the most powerful of the three levels, but the interpretation is
difficult and somewhat subjective. Here is where our field knowledge helps tremendously.



The second level analyzes the effects of the three HR factors on all five performance
metrics. The third level analyzes the relationship between a few selected HR variables and
the performance metrics. This third level does not allow us to understand how the HR
system works as a whole, since tradeoffs and complementarities often exist among the
component parts. Since some fabs focus on one set of performance and HR goals while
others focus on another set, we expected to find that the component practices have
different effects on the performance metrics.

The three levels of analysis are consistent in showing how the performance of a
particular HR system depends on goals as well as the economic and cultural environment.
In general, we found one type of high-performing HR system that achieved both quality
and volume goals:

• Skills-driven Employee Involvement (EI) System
Fabs with this type of HR system have advanced SPC systems, trained operators and
technicians performing SPC and equipment maintenance, decentralized teams for
problem solving, and experienced engineers with long potential career ladders.  These
fabs were able to achieve high scores on both volume and quality, often depending
upon which goal they stressed.

 However, we also found two high-performing systems that exhibited a trade-off
between reaching quality and volume (output) goals:
 
• Training-intensive and Experienced Engineers System

 Fabs with HR systems that rely on experienced technicians and engineers rather than
advanced SPC systems and that use continuous training have higher scores on volume-
related metrics (stepper throughput and direct labor productivity) with lower scores on
quality metrics (defect density and line yield).

 
• SPC and Job-related Training System

 Fabs with HR systems that have advanced SPC systems used by a trained work force,
trained technicians and operators doing equipment maintenance, and centralized teams
led by engineers with high potential wage growth, have higher scores on quality
(defect density and line yield) and lower scores on volume (stepper throughput and
direct labor productivity).

 
 
 
 Four of the top ten fabs had some variation of a skills-driven EI system; all four
were Asian-owned fabs. Three of the top ten fabs had some variation of a training-
intensive and experienced engineers system; these fabs were found in Asia and the U.S.
Three of the top ten fabs had some variation of an SPC and job-related training system;
these fabs were found in the U.S., Asia, and Europe. (See Figure 2-2 for the fab rankings
for line yield, stepper throughput and direct labor productivity with the fabs listed in
overall performance.)



 
  In developing a high performance HR system, the firm must take into account
social norms and labor market institutions, the product market, and its information
systems since the path to high performance depends upon all these factors. The impact of
external forces is explored in the case studies in Chapter 3.

2.2  The Data

The performance measures and the human resource data are gathered through
mail-out questionnaires distributed by the Competitive Semiconductor Manufacturing
(CSM) Program at U.C. Berkeley. After a fab completes the survey and returns it to the
CSM research team, the team conducts a follow-up site visit to correct any errors and
learn more about job tasks and work organization through interviews of managers,
engineers, and production workers and by observation.

Human Resource Variables
In order to create meaningful measurements of the various HR components, we

grouped the survey variables according to the goals that they are intended to achieve
within the HR system--skill and knowledge creation, employee involvement and use of
skills, and rewards and incentives. The variables collected under each HR goal are shown
in Table 2-1. From the raw data in Table 2-1, we constructed a number of measures to
capture the intensity with which primary human resource practices are implemented. These
measures (in Table 2-2) are discussed below, and are used in our statistical analysis
reported in the next section.



Table 2-1.  HR Goals and Work Practices

Goal: Skill and Knowledge Creation

Amount of Training: Orientation Days, Percent OJT (First Year, After First
Year), Percent Classroom (First Year, After First Year),
Financial Support for Training.

Type of training: Basic Skills, Basic Science, SPC, Company History,
Machine Operation, Machine Maintenance, Teamwork and
Communication, Problem Solving, Experiment Design,
Safety Procedures, Clean Room Procedures, Leadership.

Knowledge Sharing: General, Specific, Worker to Worker, Manager to Worker,
Teams for Problem Solving and Improvements (see below).

Goal: Employee Involvement and Use of Skills

Type of Teams: QC, QIT, SDWT, Cross Functional.
Details of Teams: Team Composition (Managers, Supes, Ops, Techs, Eng.),

Assigned Duties, Decision Making Process (Decides the
Projects, Authorizes Expenditures), Lifecycle of Team,
Number of Teams, How Often Meet, Length of Meeting,
Voluntary, Formal Problem Solving, Team Support Dept.

Job Assignment: Depth, Breadth.
Equipment Maintenance: Who Performs Various Tasks (Ops, Techs, Process Eng.,

Equip. Eng.). See Question 18.B from the Questionnaire for
list of practices.

SPC: Who Performs Various Tasks (Ops, Techs, Process Eng.,
Equip. Eng.). See Question 18.C from the Questionnaire for
list of practices.

Work Organization: Ops, Techs, Supes, Eng., Manager: Number of Employees,
Turnover Rate (Hiring, Firing, Quits, Transfers, Re-hiring),
Variability of Turnover, Relative Number of Employees,
Functional Breakdown, Number of Grade Levels.

Demographics: Age, Gender, Years with Company, Education Level.
Work Schedule: Fab (Hours/Day, Days/Week), Work Shifts/Day,

Hours/Shift.

Goal: Rewards and Incentives

Promotion Determinants: Attendance, Attitude, Output Goals, Quality Record, Skill
Level, Number of Skills, Team Participation, Tenure.

Appraisals: How Often Done, Share Results with Employees, Who
Conducts (Self, Supervisor, Personnel Manager, Peers,
Group Leader).

Number of Promotions. Number of promotions per unit of time.
Compensation Methods: Base Pay, Performance Pay (Gainsharing), Team Pay,

Company Performance Pay, ESOP, Skill Pay, Suggestion
Pay, Non-monetary Pay.



Pay levels: Amount, Percent Incentive Pay.

Based upon knowledge from our fieldwork, we then created the following
variables, which represent important practices pertaining to each goal (see Table 2-2):

Skill and Knowledge Creation:
• Initial training days for each job category are the number of days of training before the

employee begins as a productive employee, i.e., producing production lots.
 
• The training days within and after the first year are based on the reported percent of

time employees spend in training compared to other work. They are annualized and
converted into days for comparison with initial training. They account for the
experience level of the work force. Total training is simply the sum of all three
measures of training for each job category.

 
• The breadth of training for both SPC and equipment maintenance is a measure of the

number of skills that are taught to workers and accounts for both classroom and on-
the-job training. They include topics such as problem solving methods, design of
experiments, machine operation, machine maintenance, and teamwork and
communication skills, etc.

 
• Tenure variables are used to account for the general experience of the work force.

Experience with job tasks will increase the productivity of workers through learning-
by-doing.

Employee Involvement and Use of Skills:
• The number of engineers per team measures the percent of a team's (quality

improvement team or cross-functional team) members that are engineers. This may
capture the skill level of teams and their problem solving capabilities.

 
• The percent of workers on teams accounts for the total number of workers in the fab

that are on teams. It is a measure of the commitment of the fab to use teams as high
performance management tools.

 
• The decentralized team decision-making variable is an index from one to three. A

score of one indicates that a manager makes decisions regarding the objectives of the
team. Team members that decide on projects themselves report a three on the survey.
A score of two means that the decision is shared between the manager and the team
members.

 
• A variable (relationship between training and job tasks) was created that measures the

match between the job descriptions variables and the breadth of training variables in
order to measure the degree to which the tasks workers performed were aligned with
the type of training they received.



 
• In order to understand the influence of two important problem-solving activities on fab

performance, we created an index of job responsibilities and tasks with respect to
statistical process control (SPC) and equipment maintenance (see section 3.D for a
description and analysis of these variables). The index is a measure of the degree of
intensity of work in the respective area. The range of scores indicate that there is a
large variance in which occupational category (operator, technician, engineer)
performs both SPC and equipment maintenance across fabs.

Rewards and Incentives
• To account for potential career ladders for employees, the ratio of the minimum

starting wage and the maximum wage currently earned at each job category is used. A
large ratio indicates that employees have a chance to increase their earnings
substantially throughout their career. This may create the proper incentives to upgrade
their skills as well as work hard at their job.

In addition to the HR variables, a variable of the number of processes in the fab at
the time of data collection is used to control for the complexity of the fab's operations.
Running many processes at once is likely to lower the performance metrics simply because
of transition time and problems.

Performance Measures
The five performance metrics are defect density, stepper throughput, direct labor

productivity, cycle time per layer, and line yield. 3 For each metric, the fabs are ranked in
descending order from 1 to 16 with 1 being the top performing fab. They are ranked
according to their scores over a period of fixed length with an adjustment made for the
time of adoption of the process.4

The performance metrics are divided into two general categories--quality (defect
density and line yield) and efficiency (stepper throughput, cycle time, and direct labor
productivity). Overall productivity of a fab reflects both the quality and efficiency
variables, since the latter determines the total output and the former determines the
percent of output that is usable.

• Defect density is the percent of fatal defects per square centimeter of wafer surface
area. Contamination or misprocessing can lead to defective die. This metric uses the
basic Murphy model to convert actual die yield for each major process flow into a
defect density score.

 
• Line yield shows the average fraction of wafers started that make it through the

process flow as completed wafers. Incomplete wafers include wafers damaged from
scratches or breaks, or wafers aborted due to misprocessing.



Table 2-2.  Sample Statistics of the Semiconductor Survey Data
Minimum Mean Maximum

Human Resource Variables

     Skill and Knowledge Creation:
Initial Training Days: Operators 1 26 130
Initial Training Days: Technicians 1 20.31 90
Initial Training Days: Engineers 1 25.31 90
Training Days Within 1st Year: Operators 11.75 82 144
Training Days Within 1st Year: Technicians 76.14 104.05 187
Training Days Within 1st Year: Engineers 15.56 86.9 147
Training Days After 1st Year: Operators 36 240.5 573
Training Days After 1st Year: Technicians 132.71 299.0 581
Training Days After 1st Year: Engineers 97 291.75 668
Total Training: Operators 116 348.5 722
Total Training: Technicians 131.04 423.4 742
Total Training: Engineers 189.41 404.0 901
Breadth of Training in SPC: Operators 3 4 6
Breadth of Training in SPC: Technicians 1 4.5 8
Breadth of Training in SPC: Engineers 2 5.4 8
Breadth of Training in Equip. Maint.: Operators 2 3.4 4
Breadth of Training in Equip. Maint.: Technicians 3 4.31 6
Breadth of Training in Equip. Maint.: Engineers 2 3.93 8
Percent of Operators < 2 yrs tenure 0 0.30 0.7
Percent of Technicians > 5 yrs tenure 0.11 0.58 1
Percent of Engineers > 5 yrs tenure 0.33 0.66 0.97

     Employee Involvement:
Number of Engineers Per Team 0 0.28 1
Percent of Workers on Teams 0.07 0.82 5.5
Decentralized Team Decision Making 1 2.30 3
Relationship Between Training and Job Tasks: Operator, SPC 0 21.02 56.88
Relationship Between Training and Job Tasks: Technician, SPC 3.5 31.15 65
Relationship Between Training and Job Tasks: Engineer, SPC 0 41.36 65.1
Relationship Between Training and Job Tasks: Operator, Equip. Maint. 0 23.3 48
Relationship Between Training and Job Tasks: Tech., Equip. Maint. 26.5 91.83 165
Relationship Between Training and Job Tasks: Engineer, Equip. Maint. 36.5 87.91 238.67
Statistical Process Control: Operators 0 39.88 91
Statistical Process Control: Technicians 12 54.20 97
Statistical Process Control: Engineers 0 75.25 114
Equipment Maintenance: Operators 0 41.19 96
Equipment Maintenance: Technicians 53 128.4 204
Equipment Maintenance: Engineers 51 136.8 192

     Rewards and Incentives:
Wage Increase Potential: Operator 1.29 2.04 3.57
Wage Increase Potential: Engineer 1.36 3.08 9.51
Number of Processes 1 4.12 10



Table 2-2.  (continued)
Minimum Mean Maximum

Performance Measures

Defect Density 1 8.5 16
Stepper Throughput 1 8.5 16
Direct Labor Productivity 1 8.5 16
Cycle Time Per Layer 1 8.5 16
Line Yield 1 8.5 16

• Stepper throughput measures the average number of wafer operations per stepper per
day. The formula is computed for 5X steppers only, and is defined as
(WS/D)(NS)(LY'), where WS is the average number of wafer starts per week and is
divided by the number of calendar days per week (D). NS is the number of layers in the
process flow, and LY' is an adjusted line yield.

• Cycle time per layer is the average time duration of wafer lots from the beginning of
the process until they leave the fab, controlling for the number of circuitry layers. This
metric measures the average amount of time it takes to complete all operations
associated with a single layer of circuitry, accounting for processing time, lot waiting
time, and lot movement time.

• Direct labor (DL) productivity is the average number of wafer layers completed per
production worker per day.

The minimum, mean, and maximum scores for the performance metrics and human
resource variables are given in Table 2-2. Figure 2-1 shows the performance of the sixteen
fabs in three key areas: line yield, stepper throughput, and direct labor productivity.5 The
fabs are shown in the order of overall average ranking of the five performance metrics.



Figure 2-1. Key Performance Metrics
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2.3  Data Procedures

By using principal components analysis, factor analysis, and using our field work
to inform our judgments, we were able to reduce the data down to two performance
measures and three human resource variables. (See Appendix for details.)

Overall, the five performance metrics can be reduced to two measures of
performance variation. The first component (PC1) is mostly derived from direct variation
in defect density, line yield, and direct labor productivity. Fabs that receive poor rankings
in these three categories (i.e., a high number on a scale of 1 to 16) have relatively many
defects, low productivity, and low line yields and a positive value for PC1. Conversely,
fabs that receive better rankings for defect density, line yield and direct labor productivity
have negative values for PC1. Thus, PC1 may be described as a negative measure of
quality and productivity of the production process. In our sample, fabs with low (and
negative) PC1 scores were found in three Asian countries and the U.S.; fabs with high
(and positive) PC1 scores were found in the U.S. and two European countries.

The second component is mostly derived from direct variation in stepper
throughput and cycle time per layer and from inverse variation in defect density. Fabs that
have inefficient stepper machine operations, whose wafers take a long time to travel
through the production process, but have a low level of defects, have high scores for PC2.
Conversely fabs with better rankings in stepper throughput and cycle time and worse
rankings in defect density have low (negative) scores for PC2. Thus, PC2 incorporates the



tradeoff between quality and efficiency and may be described as a negative measure of
efficiency with high quality outcomes. In our sample, fabs with low (negative) PC2 scores
were found in the U.S., two Asian countries, and one European country; fabs with high
(positive) scores for PC2 were found in one Asian country, the U.S. and one European
country.

The common variance of the 38 HR variables can be described by three orthogonal
factors. HR1, which includes an experienced work force, low levels of SPC and equipment
maintenance, continuous training rather than only initial training for operators and
technicians, a few centralized teams with engineers, breadth of training in equipment
maintenance for technicians and engineers, primarily represents use of a trained,
experienced work force. Conversely, negative scores for HR1 represent fabs
characterized by trained workers doing SPC, high levels of equipment maintenance by
trained technicians and engineers, initial training, lots of decentralized teams, and a less
experienced work force, especially operators (skills and employee involvement). In our
sample, fabs with high (positive) HR1 scores were found in the U.S., Europe, and one
Asian country; fabs with low (negative) scores for HR1 were found in three Asian
countries and the U.S.

HR2, which includes use of a trained work force in SPC, use of trained technicians
and engineers in equipment maintenance, initial training for operators and initial and total
training for technicians, many centralized teams with engineers, and less experienced
engineers with large potential wage increases, primarily represents skill development,
teams, and IT. Conversely, negative scores for HR2 indicate use of decentralized teams,
training for engineers and operators, and experienced engineer (experience engineers,
trained operators and teams). In our sample, fabs with positive HR2 scores were found
in one Asian country, the U.S., and Europe; fabs with negative HR2 scores were found in
three Asian countries and the U.S.

HR3, which includes use of a trained work force for SPC, trained operators doing
equipment maintenance, initial training for everyone and continuous training for operators
rather than technicians and engineers, and potential wage growth for engineers, represents
trained operator involvement.6 Conversely, negative scores for HR3 indicate trained
engineers doing equipment maintenance, engineers on teams, continuous training for
technicians and engineers, inexperienced operators, and few processes. In our sample, fabs
with positive scores for HR3 were found in the U.S. and one Asian country; fabs with
negative scores were found in the U.S., two Asian countries, and Europe.

Since HR components present the manager with trade-offs and complementarities,
and since fabs face several types of performance goals, we hypothesized that there is more
than one set of best practices with regards to HR systems. As long as the separate HR
components are consistent and reinforcing, there can be more than one way to achieve
high performance. Both the level of automation and information technology of the fab
along with external factors such as the labor institutions, the product environment, and
cultural norms will affect the relationship between HR practices and fab performance.



Figure 2-2 presents the two principal components and the three HR factors
compared to the average ranking of the fabs across the five performance metrics, scaled
from the best performers (-6) to the worst performers (+6).

Figure 2-2. Average Performance, Principal Components, and HR Factors
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2.4  Analysis of the Relationship Between HR Systems and Fab Performance

This section presents the results of the three levels of analysis: the effect of the
three HR factors on the two performance components; the effect of the three HR factors
on the five performance metrics; and the effect of selected important HR variables on the
five performance metrics.

As the naming of the two performance components and the three HR factors
suggests, an interpretation of the level one analysis may be difficult. However, it shows
that the HR variables as a group are important and statistically significant determinants of
fab performance.



Level One: Effect of HR Factors on the Principal Components
We examine if and how the human resource factors effect the performance

components of the fab. Table 2-3 shows the regression analysis results for the two
performance components and the three HR factors. The F-statistic allows us to conclude
that the HR variables, taken together as a group, are significant determinants of fab
performance (at a confidence level greater than 95%).

Table 2-3.  Regression Results of PC1 and PC2
Number of observations 16 16

PC1 PC2

Constant 0.00 0.00
(0.34) (0.23)

HR1 (continuous training and experience) 0.79 * -0.48 *
(0.35) (0.24)

HR2 (training breadth and application) 0.57 0.40
(0.35) (0.24)

HR3 (maintenance by operators) -0.52 0.33
(0.35) (0.24)

R-squared 0.45 0.42
F-Value 3.30 2.93
* Coefficients significant at the 95% confidence level.
Standard errors in parentheses.

Fabs with positive scores for HR1 (experience work force; low levels of SPC and
equipment maintenance; continuous training rather than initial training for operators and
technicians, a few centralized teams with engineers, breadth of training in equipment
maintenance for technicians and engineers) rank better on stepper throughput and cycle
time and worse on defect density, line yield, and DL productivity (positive PC1 and
negative PC2). Conversely, fabs with negative scores for HR1 (trained workers doing
SPC, high levels of equipment maintenance by trained technicians and engineers, initial
training, lots of decentralized teams, and a less experienced work force, especially
operators) rank better on defect density, line yield and DL productivity and worse on
stepper throughput and cycle time (negative PC1 and positive PC2).7

Fabs with positive scores for HR2 (use of a trained work force in SPC, use of
trained technicians and engineers in equipment maintenance, initial training for operators
and initial and total training for technicians, many centralized teams with engineers, and
less experienced engineers with large potential wage increases) have better rankings on
defect density and worse rankings on stepper throughput and cycle time (positive PC2).
Conversely, negative scores for HR factor 2 (decentralized teams, training for engineers
and operators, experienced engineers) have worse rankings on worse defect density and
better rankings on stepper throughput and cycle time (negative PC2).



PC2 incorporates the tradeoff between quality (defect density and line yield) and
efficiency (stepper throughput, cycle time, and DL productivity), and this tradeoff is
reflected in the regression results where HR1 and HR2 are offsetting. Fabs with a trained,
experienced work force (positive HR1) are associated with efficiency in stepper
throughput and cycle time, but have relatively many defects (low PC2). At the same time,
fabs with skill development, teams, and IT (positive HR2) are associated with lower
efficiency in stepper throughput and cycle time, but with relatively fewer defects (high
PC2).

HR3 (use of a trained work force for SPC, trained operators doing equipment
maintenance, initial training for everyone and continuous training for operators rather than
technicians and engineers, and potential wage growth for engineers) appears to have no
significant effect on fab performance.

Taken together the PC1 and PC2 regressions imply that HR systems seem to be
better at achieving quality goals (defect density and line yield) or efficiency goals (stepper
throughput and cycle time). These results indicate that HR systems affect performance
outcomes and that it matters which performance goal is the focus.

Level Two: Effect of HR Factors on the Performance Metrics
This level of analysis examines how the actual performance metrics used by fab

managers are affected by the reduced-form HR factors. The principal components analysis
combined the five performance metrics into two overall fab performance measures.
However, through our field work, we have learned that many fabs emphasize a particular
performance goal, whether it be cycle time, defect density, or some other performance
goal.8 This may come at the expense of other performance goals, which are not
emphasized. The set of regressions in this section will reveal how the HR systems
correlate with the performance goals.

At the second level of analysis, the relationship of HR factor 1 with line yield,
defect density, and DL productivity and of HR factor 2 with throughput is reproduced. In
addition, HR factor 3 is related to line yield and defect density.

Table 2-4 presents the regression results for the five performance metrics. Fabs
with HR systems scoring high on HR1 rank relatively badly in defect density, and fabs
with HR systems scoring high on HR3 rank relatively well in defect density. HR2 does not
explain defect density in a statistically significant way. Defect density is significantly
explained by HR1 and HR3 at a confidence level greater than 95%. Line yield is very
similar to defect density in that negative scores for HR1 and positive scores for HR3
correspond to a good ranking in line yield. HR2 shows no association with line yield.

For stepper throughput, a measure of efficiency, only HR2 is significantly
correlated (HR1 and HR3 are not). The results for direct labor productivity, another
efficiency measure, are similar to stepper throughput. High scores for HR2 correspond to



a relatively worse ranking for direct labor productivity. In addition, HR1 also corresponds
with worse ranking for DL productivity (significance level only 90%). The overall fit is
below the previous regressions, but it is still significant at the 95% confidence level.

Cycle time does not appear to be affected by the HR policies in our data set. The
goodness-of-fit and F-statistic are low and none of the three HR factors individually effect
cycle time per layer. Cycle time reduction requires an intelligent scheduling system.9 Our
data set does not include a suitable measure to differentiate fabs by their scheduling
system.

Overall, fabs using a trained experienced work force have relatively poor
rankings on defect density, line yield, and DL productivity (quality and efficiency);
conversely fabs with skills and employee involvement rank better on defect density, die
yield and DL productivity. Fabs using skill development, teams, and IT have relatively
poor rankings on stepper throughput and DL productivity (efficiency); conversely fabs
with experience engineers, trained operators and teams rank better on stepper
throughput, and DL productivity. Fabs with trained operator involvement have
relatively good rankings in line yield and defect density (quality).

Table 2-4. Regression Results of Five Performance Metrics on HR Factors
Number of observations 16

Defect
Density

Line
Yield

Stepper
Throughput

Direct
Labor

Cycle Time
Per Layer

Constant 8.25 * 8.50 * 8.31 * 8.45 * 8.65 *
(0.83) (0.94) (0.88) (1.04) (1.28)

HR1 2.97 * 2.61 * -0.17 1.84 -0.57
  trained, experienced work force (0.86) (0.97) (0.91) (1.07) (1.32)
HR2 0.06 0.84 3.24 * 2.17 * -0.24
  skill development, teams, and IT (0.86) (0.97) (0.91) (1.07) (1.32)
HR3 -2.3 * -1.94 * 1.19 -0.86 -1.14
  trained operator involvement (0.86) (0.97) (0.91) (1.07) (1.32)

R-squared 0.61 0.50 0.55 0.39 0.07
F-Value 6.30 3.96 4.86 2.55 0.32
* Coefficients significant at the 95% confidence level.  Standard errors in parentheses.

Level Three: Effect of Fundamental HR Variables on the Performance Metrics
Next we select specific HR variables from each component of the HR system to

represent an HR system that represents high-performance practices based upon our field
work in order to see to what extent this pseudo-best practices HR bundle correlates with
performance. Unfortunately the small sample size prevents us from specifying in detail the
component parts of the HR system. The HR variables chosen include:



Skills and Knowledge: Initial training for operators, training after first year for
technicians and engineers.

EI and Use of Skills: relationship between training and job tasks in SPC for
operators, relationship between training and job tasks in equipment maintenance for
technicians and engineers.

Rewards: wage increase potential for engineers.

The results are presented in Table 2-5. The initial training of operators and relating
their training to their job tasks for SPC goes with reduced defect density. However,
relating training of technicians to job tasks for equipment maintenance goes with higher
defect density. The initial training of operators and the continuous training of engineers
goes with improved line yields. The results for DL productivity--continuous training for
technicians and relation between training and job tasks for technicians in equipment
maintenance both go with lower DL productivity--do not make sense without
investigating if the use of technicians in more technically-sophisticated activities raises the
productivity of engineers, which we do not measure. Relating the training to job tasks in
SPC for operators and relating the training to job tasks in equipment maintenance for
technicians goes with lower stepper throughput. The results reinforce the need to look
more closely at the actual activities being done by engineers and their productivity as
direct labor becomes more involved in doing engineering activities. However, we do know
from the results presented in Section 3.D that no pattern of a trade-off exists between the
SPC activities of operators and process engineers and no pattern of a trade-off exists
between the equipment maintenance activities of technicians and equipment engineers. The
results for cycle time show a weak relationship of the potential wage increase for
engineers with improved cycle time. Overall these results show the difficulty in a small
sample size of specifying a priori a high-performance HR system.



Table 2-5. Regression Results of Five Performance Metrics on Selected HR Variables
Number of observations 16

Defect
Density

Line
Yield

Stepper
Throughput

Direct Labor
Productivity

Cycle Time
Per Layer

Constant 6.70 -4.44 3.77 -3.15 8.64
(4.31) (3.97) (4.02) (4.51) (6.85)

Skills and Knowledge

Initial Training: Operators -0.10 * -0.02 -0.07 * -0.06 0.09
(0.04) (0.03) (0.03) (0.04) (0.06)

Training After 1st Year: Technicians 0.004 0.01 0.02 * 0.02 * 0.02
(0.01) (0.01) (0.01) (0.01) (0.01)

Training After 1st Year: Engineers -0.003 -0.001 -0.01 * -0.003 -0.01
(0.006) (0.005) (0.005) (0.01) (0.01)

EI and Use of Skills

Reln. b/w Training & Job Tasks: -0.17 * 0.16 * -0.05 0.05 0.11

  Operators, SPC (0.06) (0.06) (0.06) (0.07) (0.10)

Reln. b/w Training & Job Tasks: 0.06 * 0.06 * 0.03 0.06 * -0.05

  Technicians, Eqmt. Maintenance (0.02) (0.02) (0.02) (0.02) (0.04)

Reln. b/w Training & Job Tasks: 0.01 -0.02 0.02 0.01 0.04

  Engineers, Eqmt. Maintenance (0.02) (0.02) (0.02) (0.02) (0.03)

Rewards

Wage Increase Potential: Engineers 0.45 0.65 0.38 0.35 -1.76 *
(0.54) (0.49) (0.50) (0.56) (0.85)

Adjusted R-squared 0.64 0.68 0.69 0.60 0.08

F-Value 4.77 5.57 5.67 4.25 1.19

* Coefficients significant at the 95% confidence level.
Standard errors in parentheses.



HR Systems in Practice

Some examples of how these various HR factors are actually combined by the fabs
can help us understand what makes a high-performing HR system. The HR factors can be
combined in reinforcing ways such as was done by the top fabs (as defined by the average
of the five rankings):
 
• Components of the negative HR2 factor can be improved by adding components of the

positive HR3 factor. This combines training for operators and experienced engineers,
who have long potential career ladders, and the use of decentralized teams for problem
solving. Operators, who receive continual training, perform SPC and equipment
maintenance activities. This HR system, called the skills-driven EI system, was
implemented by the top ranked fab, which ranked first in line yield, direct labor
productivity, and cycle time and fourth in stepper throughput and defect density.

 
• If components of negative HR1 are also included in the above system of negative HR2

and  positive HR3 factors, the result is an HR system that uses less-experienced
operators who are not involved in equipment maintenance. This weaker version of the
skills-driven EI system was found at the second ranked fab, which ranked second in
stepper throughput and direct labor productivity and third in line yield.

 
• An even less effective system is created if the components of positive HR3 are left out

of the skills-driven EI system, leaving negative HR1 and negative HR2 factors. This
characterized the system found at the fourth ranked fab, where inexperienced
operators were not involved in equipment maintenance or SPC activities. This fab,
which rated quality but not cycle time as an important goal, ranked second in defect
density and line yield and third in direct labor productivity but ranked last in cycle
time.

Examples of fabs that achieved outstanding performance in selected areas are:

• In a system that focuses on quality, the fifth ranked fab combined components of
positive HR2 and positive HR3 in an HR system with a trained work force engaged in
SPC, trained technicians and operators doing equipment maintenance, centralized
teams led by engineers, who have high potential wage growth. Overall this fab ranked
second in cycle time, third in defect density, fourth in line yield but thirteenth in
stepper throughput. We call this an SPC and job-related training system, which we
also found at the fab with the top rank in defect density but one of the lowest ranks in
stepper throughput. These fabs need to integrate their trained production workers into
the problem-solving process.

 
• In a system that focuses on throughput, the third ranked fab combined components of

positive HR1 and negative HR3. This HR system combines trained, experienced
engineers engaged in continual problem solving and improvements with trained
technicians doing routine equipment maintenance, and with only a few centralized



teams let by engineers. Inexperienced operators, who did not receive much training,
did not engage in advanced SPC activities and problem-solving teams. Overall this fab
ranked first in stepper throughput but was only average in line yield and defect density.
We call this a training-intensive and experienced engineers system, which we also
found at two other top-ten fabs whose volume rankings were considerably above their
quality rankings.

Examples of fabs that combined HR components in non-reinforcing ways include:

• Components from positive HR2 and negative HR3 were combined into the HR system
at the last-ranked fab. Although the fab had training for workers in SPC and
equipment maintenance, these activities were not well structured and integrated into
the work process so that they were being done by the engineers rather than the trained
but inexperienced operators.

 
• Components from positive HR1 and positive HR3 were combined into the HR system

at the next-to-last-ranked fab. Although this fab had continuous training and an
experienced work force, the workers were not adequately involved in activities with
the advanced SPC system and with equipment maintenance, and the knowledge of the
workers was not being tapped through problem-solving teams.

In general, the bottom six fabs had systems whose component parts were not reinforcing
and consistent and whose HR system could not be classified in any systematic way. One
cannot identify a “worst practice” system. These low ranking fabs generally did not
perform well in any area since they ranked below average across all  five performance
metrics with only one exception.

2.5  Conclusion

The three levels of analysis are consistent in showing the performance of a
particular HR system depends on goals as well as the economic and cultural environment.
In general, we found one type of high-performing HR system that achieved both quality
and volume goals:

• Skills-driven Employee Involvement (EI) System
Fabs with this type of HR system have advanced SPC systems, trained operators and
technicians performing SPC and equipment maintenance, decentralized teams for
problem solving, and experienced engineers with long potential career ladders.  These
fabs were able to achieve high scores on both volume and quality, often depending
upon which goal they stressed.

 However, we also found two high-performing systems that exhibited a trade-off
between reaching quality and volume (output) goals:
 



• Training-intensive and Experienced Engineers System
 Fabs with HR systems that rely on experienced technicians and engineers rather than
advanced SPC systems and that use continuous training have higher scores on volume-
related metrics (stepper throughput and direct labor productivity) with lower scores on
quality metrics (defect density and line yield).

 
• SPC and Job-related Training System

 Fabs with HR systems that have advanced SPC systems used by a trained work force,
trained technicians and operators doing equipment maintenance, and centralized teams
led by engineers with high potential wage growth, have higher scores on quality
(defect density and line yield) and lower scores on volume (stepper throughput and
direct labor productivity.

The impact of an HR system on fab performance is affected by the cultural
environment. For example, the payoff to skill upgrading, particularly of operators, varies
internationally because of different social norms and labor market institutions. The social
norm that women retire with marriage or birth of first child can greatly limit the potential
payoff; institutions that limit mobility of workers can increase the payoff. For example, in
Korea segmentation by gender of the operator and technician job categories exists;
operators are women, and technicians are men. This affects the organization of work and
the use of career ladders. Female operators are not trained to do equipment maintenance
or SPC; instead technicians assume the responsibilities of "junior engineers" in the fab and
take the lead role in trouble-shooting specific equipment. In the U.S. labor mobility is
high, and so often an employee with an AA is hired initially as an operator. This allows the
employer to see if the worker fits the work environment and is likely to stay before being
given technician training. In Japan labor market mobility is limited by custom and
institutions, and large companies invest in initial training as well as continuous training.10

However women are provided less continual training and shorter career ladders than men
since women traditionally retire with the birth of first child.

The impact of an HR system on fab performance is also affected by the product
market, which affects the pace of technological change and length of product life, and the
labor market, which affects labor turnover and compensation. For example, whether to
emphasize skill breadth or skill depth is affected by the pace of technological change and
scheduling needs. An HR system based on skill breadth is useful in covering for absences
and turnover as well as providing flexibility in task assignment when running many
processes at once. These advantages are at the expense of efficiency gains from
specialization and the advantages of skill depth in troubleshooting. Skill depth training can
increase the ability to continually implement new processes or products, since technicians
and engineers become adept at trouble-shooting and implementing new technology. This
advantage is at the expense of flexibility in terms of making job assignments. A firm’s
ability to hire and retain experienced employees also depends on the state of the labor
market. In slack markets, firms do not have to worry about labor shortages or losing
experienced workers to competitors. However, labor shortages change the hiring and



training practices as firms are forced to hire less experienced workers and provide them
more training.

The structure and performance of a firm’s HR system is also affected by the firm’s
other systems such as information technology, scheduling, and inspection. For example, a
firm’s performance can be significantly improved with the implementation of an automated
information system for lot handling and processing, since potential operator error is
greatly reduced. The amount of automation is often a function on the fab’s age, and the six
inch wafer fabs studied in this report are considerably less automated in terms of
information and materials handling than the newer eight inch fabs.

This study has documented a number of important HR policies and their effects on
fab performance. It has also shown that there is no single best practice to achieve the
highest possible performance in the semiconductor industry. Rather the path to high
performance depends upon the terrain it passes through.
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APPENDIX

Why Data Need to be Reduced
In this study, we are limited by the sample size (16 observations). The problem is

that we have more variables than observations (38 human resource variables) and we have
more than one measure of performance (5 performance metrics).

There are two general methods for dealing with this. One method to solve the
problem of insufficient degrees of freedom is to reduce the number of variables in the data
set or, preferably, to create new variables to capture the variation of the existing large
number of variables. Another more expensive and time-consuming method is to gather
more data, i.e., increase the number of observations. The CSM Program is in the process
of increasing the sample size over the next three years.

Informed by our field work, we reduce the important information down to two
performance measures using principal components analysis (PCA) and three human
resource variables using factor analysis. Total variation is divided into that which is
common among the variables and that which is unique to a particular variable. Factor
analysis describes the relationship between the common variance of the set of human
resource variables, while PCA explains the total variation of the set of performance
metrics. Further, factor analysis defines each original HR variable as a linear function
(allowing for measurement error) of a number of underlying, unobserved factors. PCA
describes each principal component as a linear combination of each of the performance
metrics. PCA generally works best describing a set of variables that are believed to be
derived from or formed by other more base variables, e.g., defect density being derived
from operator skill and precision. Factor analysis is applicable when the variables to be
understood are considered underlying factors that give rise to something else
(compensation affecting direct labor productivity).11

The use of principal components and factor analysis to examine fab performance
has been studied by Nickerson and Sloan (1995). They specifically examine product
characteristics as opposed to HR characteristics and find that economies of scale and
scope in the production process can be exploited to increase performance scores.

Principal Component Analysis of the Performance Metrics
Even though there are five performance measures, are there truly five independent

types of performance or are they related? Table A2-1 shows that there are correlations
between the performance metrics that can be exploited to reduce the parameter space.
Fabs that rank high in defect density also rank high in line yield and direct labor
productivity.

Principal components analysis (PCA) transforms the set of observed variables into
a smaller set that contains most of the variation of the original set. The first principal
component finds the largest amount of variation of the data. The second component finds
the next largest amount of variation that is orthogonal to the first component, and so on.



Each principal component is simply an orthogonal weighted linear combination of the
original variables having maximum sample variance. An assumption of PCA is that the
variance of the original variables is the same. Our data satisfy this criterion because each
variable has already been transformed into a ranking from one to fifteen.

A problem with using principal components is that the meaning of the components
themselves are hard to interpret. Each principal component is a combination of the original
variables and thus isn't defined as a particular measure of performance. In most cases a
subjective definition of the component can be created to capture its major loadings.

PCA creates as many principal components as there are original variables with the
total variance being the same for the principal components as the original variables. The
key in data reduction is that the first few principal components usually contain most of the
variance of all of the original variables. Thus, the remaining principal components can be
dropped and the final number of variables is reduced.

The PCA shows that 78% of the variation in the five performance metrics can be
explained by the first two principal components (55% by the first component and 23% by
the second). Thus, these two new "performance" vectors will define the reduced set of
performance measures. Table A2-2 shows both the proportion of the total variance of the
five performance metrics explained by each component and the resulting eigenvectors of
the PCA. The eigenvectors are similar to the correlation between the principal component
itself and each performance metric.

Principal component one (PC1) is mostly derived from the variation in defect
density, direct labor productivity, and line yield. Principal component two (PC2) is
described by stepper throughput and cycle time per layer, as well as a negative effect of
defect density. Overall, the five original performance metrics can be reduced to two
measures of performance variation, a negative quality component and a negative efficiency
with high quality component.

Factor Analysis of the Human Resource Variables
This section explains the reduction of 38 human resource practices into three

measures that explain most of the common variation of the HR practices--continuos
training and experience (HR1), training breadth and application (HR2), and maintenance
by operators (HR3). Each factor created is a qualitative dimension of many HR variables.
Tables A2-4 and A2-5 show the three resulting factors and the proportion of the common
variance that they explain (71%).12 Three factors were chosen in order to reduce the
number of explanatory variables to as little as possible while still retaining most of the
information contained in the HR variables.

The final commonality estimates show the total common variation explained by the
three factors and the percent of variation of each HR variable that is explained by the three
factors (PUVE). For example, “statistical process control: operator” has a high level of
common variance that is explained by the three factors, while “wage increase potential:



operators” has a large amount of unique variation that is not common to the other HR
variables and remains unexplained by the three factors. The HR variables that aren't
represented by the factors are examined separately for their effects on the performance of
the fabs.

In determining which loadings (HR variables) are the primary determinants of the
three factors, a chi-square selection criterion is used where the highest number above the
significance level (0.605 in this case) for each HR variable across the three factors is
marked. The group of marked variables for each factor is subjectively given a name or
description. The three factors are described below.

HR1 is explained by: less SPC by operators and technicians (and perhaps
engineers), smaller teams, less initial training for technicians and engineers, more
continuous training for operators and technicians, more experienced workers (except
operators) and more overall training.

HR2 is explained by: training breadth for SPC, training breadth for technicians on
maintenance tasks, and training correlated with job tasks.

HR3 is explained by: more equipment maintenance by operators and less by
engineers, and correlation of training for operators on maintenance and the amount of
maintenance that they perform.



Table A2-1.  Correlation of Performance Metrics
Defect
Density

Stepper
Throughput

Direct Labor
Productivity

Cycle Time
Per Layer

Line
Yield

Defect Density 1.0000
Stepper Throughput 0.0319 1.0000
Direct Labor Productivity 0.5900 0.6140 1.0000
Cycle Time Per Layer 0.0200 0.1300 0.3300 1.0000
Line Yield 0.8800 0.2900 0.7100 0.2100 1.0000

Table A2-2.  Proportion of Variance Explained by Each Component
Eigenvalue Difference Proportion Cumulative

Principal Component 1 2.71 1.55 0.54 0.54
Principal Component 2 1.17 0.28 0.24 0.78
Principal Component 3 0.89 0.70 0.18 0.95
Principal Component 4 0.18 0.14 0.04 0.99
Principal Component 5 0.05 . 0.01 1.00

Table A2-3.  Resulting Eigenvectors
Principal
Component 1

Principal
Component 2

Principal
Component 3

Principal
Component 4

Principal
Component 5

Defect Density 0.49 -0.53 0.08 -0.02 0.69
Stepper Throughput 0.32 0.57 -0.59 0.37 0.29
Direct Labor Productivity 0.56 0.20 -0.10 -0.76 -0.25
Cycle Time Per Layer 0.20 0.54 0.79 0.11 0.19
Line Yield 0.56 -0.25 0.10 0.52 -0.59

Table A2-4.  Eigenvalues of the Correlation Matrix1

Eigenvalue Difference Proportion Cumulative

Factor 1 15.4144 5.9664 0.3351 0.3351
Factor 2 9.4480 1.5784 0.2054 0.5405
Factor 3 7.8697 1.2160 0.1711 0.7116
Factor 4 6.6537 3.1129 0.1446 0.8562
Factor 5 3.5408 0.4674 0.0770 0.9332
1 The remaining 33 factors are not shown because of their insignificance.



Table A2-5.  Rotated Factor Pattern & Final Commonality Estimates
HR1 HR2 HR3 PUVE

Human Resource Variables

     Skill and Knowledge Creation:
Initial Training Days: Operators -0.34 0.17 0.28 0.23
Initial Training Days: Technicians -0.67 0.30 0.27 0.62
Initial Training Days: Engineers -0.70 -0.05 0.25 0.55
Training Days Within 1st Year: Operators 0.79 -0.04 0.17 0.65
Training Days Within 1st Year: Technicians 0.51 0.03 -0.08 0.27
Training Days Within 1st Year: Engineers 0.09 -0.20 0.06 0.05
Training Days After 1st Year: Operators 0.80 -0.14 0.20 0.71
Training Days After 1st Year: Technicians 0.80 0.09 -0.30 0.74
Training Days After 1st Year: Engineers 0.14 -0.16 -0.31 0.14
Total Training: Operators 0.80 -0.10 0.26 0.72
Total Training: Technicians 0.75 0.14 -0.25 0.65
Total Training: Engineers 0.01 -0.18 -0.21 0.08
Breadth of Training in SPC: Operators 0.01 0.78 0.13 0.62
Breadth of Training in SPC: Technicians 0.17 0.87 0.18 0.82
Breadth of Training in SPC: Engineers 0.02 0.74 0.10 0.55
Breadth of Training in Equip. Maint.: Operators 0.15 0.56 0.34 0.46
Breadth of Training in Equip. Maint.: Technicians 0.59 0.64 0.07 0.76
Breadth of Training in Equip. Maint.: Engineers 0.50 0.38 -0.18 0.43
Percent of Operators < 2 yrs tenure -0.65 0.20 -0.33 0.58
Percent of Technicians > 5 yrs tenure 0.89 0.07 0.15 0.83
Percent of Engineers > 5 yrs tenure 0.80 -0.27 0.37 0.85

     Employee Involvement:
Number of Engineers Per Team 0.37 0.33 -0.49 0.48
Percent of Workers on Teams -0.60 0.33 0.07 0.47
Decentralized Team Decision Making -0.50 -0.22 0.01 0.30
Relationship Between Training and Job Tasks: Operator, SPC -0.51 0.54 0.45 0.77
Relationship Between Training and Job Tasks: Technician, SPC -0.31 0.74 0.38 0.79
Relationship Between Training and Job Tasks: Engineer, SPC -0.38 0.61 0.24 0.57
Relationship Between Training and Job Tasks: Operator, Equip. Maint. 0.09 0.06 0.8 0.65
Relationship Between Training and Job Tasks: Tech., Equip. Maint. -0.09 0.78 -0.08 0.62
Relationship Between Training and Job Tasks: Engineer, Equip. Maint. 0.15 0.30 -0.65 0.54
Statistical Process Control: Operators -0.62 0.34 0.57 0.82
Statistical Process Control: Technicians -0.63 0.30 0.38 0.63
Statistical Process Control: Engineers -0.51 0.20 0.24 0.36
Equipment Maintenance: Operators -0.04 -0.10 0.70 0.50
Equipment Maintenance: Technicians -0.44 0.40 -0.14 0.37
Equipment Maintenance: Engineers -0.44 0.08 -0.69 0.67

     Rewards and Incentives:
Wage Increase Potential: Operator 0.03 -0.02 0.15 0.02
Wage Increase Potential: Engineer -0.01 0.29 0.46 0.30
Number of Processes 0.32 -0.24 -0.45 0.36



                                                                                                                                           
1 Our thanks to Melissa Appleyard and Vince Valvano for their help with the data collection and coding
and to Rene Kamita for her help with the data and regressions. We are also grateful to Melissa Appleyard,
Diane Bailey, Dave Bowen, and Rob Leachman for their feedback, which substantially improved this
paper.
2 The question of the true price of the semiconductor products that are sold to other units within the larger
firm falls under the domain of transfer pricing, which concerns itself with measuring the true value added
of subunits within a multidivisional firm.
3 See Leachman and Hodges (1996) and Leachman ( chapter 2) for more information on the creation of
these performance metrics by the CSM team.
4 See Nickerson and Sloan (1995) for an explanation of the simple adjustment process.
5 To simplify the chart, we left off the defect density rankings, which are highly correlated with line yield
rankings, and cycle time rankings, which were not well explained by the HR system.
6 In addition, three of the HR variables are mostly unique and thus require inclusion separately in testing
the model of performance. They are the amount of engineer training during the first year, the potential
career ladder for operators, and the total amount of training for engineers.
7 Rob Leachman suggests that higher stepper throughput requires a more robust process that reduces the
need for test exposures and reduces the need to restrict certain layers to certain steppers.
8 This observation was made by Rob Leachman.
9 We thank Rob Leachman for this point.
10 See Brown et al (1997, ch. 2).
11 For more explanation of both principal component analysis and factor analysis, see Multivariate
Analysis by William R. Dillon and Matthew Goldstein, 1984, John Wiley and Sons.
12 Two additional factors are included to show that most of the common variation is contained in the first
three factors. This procedure is based on the Nfactor criterion (SAS User's Guide: Statistics, Version 5).


