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Abstract 
 
In order to examine the worsening of inequality between workers of different skill levels 
over the past three decades and to further motivate the theoretical discussion on this 
issue, we use the decomposition methodology to focus on the interaction of within- and 
between-industry changes of the relative skill intensity in U.S. manufacturing. Unlike 
previous work, we use more detailed levels of industry classification (5-digit SIC product 
codes), and we analyze the impact of plants switching industries as well as the impact of 
plant births and deaths on these changes.  Internal, plant-level data from the U.S. Census 
Bureau's Longitudinal Research Database and the new Longitudinal Business Database 
provide us with the requisite information to conduct these studies. In sum, our results 
show that further decomposition of changes in skill intensity provide better insights into 
the factors that are driving these changes.  Our empirical conclusions are discussed in 
relation to theoretical inference, as they enrich the debate concerning the sources of the 
inequality by justifying the skill-biased character of technical change.  
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1. Introduction  

The worsening of inequality between workers of different skill levels for the past 30 years 
is an unquestionable fact1. In the frame of a standard argumentation, this occurrence 
could be seen as the price that has to be paid for the convergence of factor returns all 
around the world, yet UNCTAD (1997) demonstrates a generalized increase of income 
inequality in several countries, both developed and developing2. These sharply widening 
gaps would be less noteworthy if a sustained overall rising real wage accompanied them 
since, theoretically, efficient reallocation of production activities across the regions is 
supposed to increase real output of all countries that participate in a liberalized 
international economic environment, regardless of their initial position. Hence, 
effectively designed and applied redistribution mechanisms could then take everybody to 
a better position. Nevertheless, real wages have fallen in the U.S. with a yearly average of 
about 0,4% since 1973 (Slaughter, 1998), and although Krueger (1997) is pretty much 
convinced of the improvement in living standards in developing countries, the picture 
that we get from several empirical contributions is not necessarily the same3. 

Contributions from the early 1990s regarding the deterioration in wages of the less skilled 
and/or of production workers mainly focused on the supply side of the labor market -- 
Murphy and Welch (1992) highlighted the significance of the aging of the baby boom, 
while others focused on the weakening of the unions and the relaxing of minimum wage 
regulations (Blackburn, Bloom, and Freeman 1990). Afterwards, acknowledgment of the 
simultaneous worsening of relative wages and relative employment drove the theoretical 
interests towards demand side explanations4, with international trade and technology's 
evolution being the two main competitive arguments5. In the frame of this well-known 
debate, Berman, Bound, and Griliches (1994) used a decomposition equation in order to 
measure the share of overall change in relative skilled employment that occurred due to 
within- and between-industry changes at the 4-digit classification. Based on their findings 
that indicated the significantly higher share of within-industry changes, the authors 
concluded in favor of technology and against international trade as being the driving 

                                                 
1 Slaughter (1998) reports that the premium for male college-educated workers in the U.S. rose from 30% 
in 1979 to about 70% in 1995. Analogously, the employment of production workers in the British 
manufacturing sector fell between 1979 and 1992 by 41%, while the decrease for non-production workers 
was only 26% (Hine and Wright, 1998). 
2 Meckl and Weigert (2003), present a theoretical scenario, based on plausible assumptions, that links the 
final effect on relative wages also to individual decision making for acquiring human capital. Thereby, they 
show how the standard Stolper-Samuelson effect can be reversed in the case of developing countries.  
3 According to data presented by Streeten (1998) there was a steady decline in growth rates in several 
countries in the three decades after 1960, particularly for the OECD. As Rodriguez and Rodrik (1999) 
brought up, econometric studies focusing on the same period also show no robust relationship between 
growth and openness. But, with respect to absolute standards of living, Kaplinsky (2001) reports that 
between 1987 and 1998, a period of growing global integration, the number of people living below the 
poverty line remained almost unchanged. Moreover, it increased significantly in some regions, notably 
South Asia, sub-Saharan Africa, Europe and Central Asia (Poverty Reduction and the World Bank, 1996; 
Global Economic Prospects and the Developing Countries 2000.) 
4 Leuven, Oosterbeek and van Ophem (2004) support this diagnosis as they test for the consistency of 
wage differentials between skill groups across countries with demand and supply conditions. This specific 
framework does an even better job at explaining relative wages of low skilled workers. Similar are the 
conclusions of Hansson (2000), regarding the change in the share of skilled labor that increased steadily 
over the past 35 years in Swedish manufacturing. Especially for the period during the late 1980s and at the 
beginning of the 1990s, acceleration in the relative demand for skills appears to have propelled higher skill 
shares. 
5 Leamer (2000), Deardorff (2000) and Panagariya (2000), give a useful overview over the specific debate. 
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force behind these changes. Bernard and Jensen (1997) used a similar decomposition 
methodology, yet, they examine plant-level data for the U.S. manufacturing sector. 
They conclude that increases in the skill intensity and the associated increases in the wage 
gap can be attributed more to international trade, or to be more precise, to changes in 
exporting establishments, than was the case in Berman, Bound, and Griliches approach6. 
Later contributions have also shown that industry is indeed a weak predictor of a plant’s 
performance in all relevant aspects, exporting activity, productivity adjustments and 
factors use intensities (Bernard et al., 2003), especially the less detailed the industry 
classification we use. 

Another feature of the standard decomposition studies, which may induce major 
misinterpretations, is the lack of the time dimension. Looking simply at summarized 
within- and between-industry changes (WIC and BIC respectively) over a wider period of 
many years could yield a completely untrue picture. A simple finding from the following 
analysis serves as a good example: based on data from US manufacturing we find 
significant conformity in the annual development of WIC and BIC7, despite that the sign 
of the within- and between-industry changes for the whole period 1977-1996 are 
opposite (0.0119 and -0.0022 respectively).  

In the present paper we respond to the discussed limitations by adjusting the 
decomposition approach in the following ways. As we used more detailed 5-digit industry 
codes, we uncover “hidden” specialization tendencies without losing the usefulness of 
aggregation above the plant level.8 Second, we follow a similar approach that has been 
introduced in Zarotiadis (2004a) in order to calculate annual within- and between-
industry changes. Finally, we derive a new decomposition equation that considers 
additionally the impact of plants switching industry as well as the impact of plant births 
and deaths on these changes. Our results offer additional evidence for being very 
cautious, when we use “industry” as a predictor of plant’s performances, even when we 
classify at more detailed levels (5-digit). Further, they provide a very convincing 
conformity in the development of between- and within industry changes, which can be 
related to the intensified theoretical discussion regarding the linkages among international 
competition forces and skill-biased technological adjustments.9 Moreover, they reveal a 
remarkably consistent trade-off among “soft” and “hard” responses that links 
macroeconomic developments to the adjustments on the level of the firm and the 
industry.  

The following section provides a more detailed explanation of the data and the 
methodology. Next, we discuss briefly the first striking result, which is the significant fall 
in the importance of WIC. Following, we present the results of applying our version of 
the decomposition equation, and we conclude after a brief theoretical argumentation. 

 

2. Data and Methodology 

This paper merges the U.S. Census Bureau’s Longitudinal Research Database (LRD) with 
the Bureau’s new Longitudinal Business Database (LBD).  The LRD contains all the data 
                                                 
6 More recent papers of Bernard and Jensen (2004a, b) appear to give updates of the previously mentioned 
work.  
7 Annual BIC and WIC are significantly positive correlated (more than 0,55) even after adjusting for 
cyclical effects. 
8 Bear in mind that more aggregated classifications bias these calculations in favor of within-industry 
changes, but, extremely low levels of aggregation, or applying these equations at the plant level, 
overestimates the between industry term (the specialization tendency).  
9 See for instance Wood (1994), Thoenig and Verdier (2003), Zarotiadis (2004b). 
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collected for the Annual Survey of Manufactures (ASM, 1973-2001) and the Economic 
Census of Manufactures (CM, 1963, 1967-1997 collected quinquennally).  Plants in the 
LRD have unique identifiers that allow them to be linked longitudinally.  The LBD is 
derived from the Bureau’s Business Register and contains basic information on an annual 
basis about the entire universe of legally operating establishments (i.e., a plant or a store) 
in the United States with at least one employee, for all industries.10  The LBD also 
provides unique identifiers that link establishments over time and allows us to study, if 
not the entire life history of an establishment, at least a significant portion (from 1976-
1999).   

For the analyses in this paper, we use the LRD to obtain data about total employment, 
non-production workers, and production workers for each establishment and to classify 
each establishment using 5-digit SIC product codes rather than the typical 4-digit SIC 
code used for most publications.  Each establishment is classified as follows:  in both the 
ASM and the CM, establishments report revenues by product class code.  For this paper, 
five-digit codes were assigned annually to the establishment based on the product for 
which the establishment had the most revenues in that year.  Codes were assigned 
annually rather than for the entire life of the establishment to allow for industry 
switching.  For 1973-1996, these are 1987 SIC product class codes, typically 5- or 7-
digit.11  In 1997, the Census Bureau converted to NAICS; therefore, for 1997 and 
thereafter, the LRD industry product codes use the NAICS system.  It is beyond the 
scope of this project to convert the data to one standard.  Further, given the nature of 
these analyses of within- and between-industry changes, it is important to have a degree 
of accuracy and standardization in the system being used.  Hence, these analyses use data 
only for the years 1976-199612.   

The Annual Survey of Manufactures is not designed as a continuous panel, and the 
sample of establishments is re-selected every 5 years. There are some establishments that 
are retained in the sample; however, these are typically only larger establishments 
(employment greater than 250).  While these larger plants are responsible for a vast 
majority of total output, examining only these plants prevents us from examining 
changes where change is most likely to occur, in smaller establishments.  Further, using 
only these larger establishments is likely to not provide an accurate picture of births and 
deaths of establishments.  For these reasons, we matched establishment data in the LRD 
to the LBD data using unique identifiers in order to obtain birth and death information 
for the establishments in our sample.  The establishment-level data were then aggregated 
to the 5-digit industry level (weighted to account for sampling in the ASM).13   

Summing up the figures for production and non-production employees over the whole 
of manufacturing, after we applied the above procedure, provides us with an estimated 
change in relative employment of non-production workers that lies very close to the 
aggregate data published by the ASM (see Diagram 1).  
                                                 
10 For further information, see Jarmin and Miranda, 2000, The Longitudinal Business Database, U.S. Census 
Bureau, Center for Economic Studies Working Paper Series.  www.ces.census.gov. 
11 As part of the LRD management, the Census Bureau standardized industry codes to the 1987 
classifications. 
12 In “non-operating plants”, all employment is non-production employment (e.g., central offices and 
auxiliary establishments). Non-operating plants are not included in the ASM or in CM (their employment is 
tracked through other sources); hence, these analyses focus only on operating manufacturing 
establishments. 
13 There are more detailed specificities regarding the way how we dealt with different types of observations, 
like for instance those who are newly introduced in the sample or those who move out from the sample 
without shutting down. More information about the applied procedures, as well as the program that has 
been developed for that purposes in electronic format, is available on request by tlriggs@frbchi.org . 
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Diagram 1: Change in Relative Non-Production Employment (S/E) using published 
ASM totals vs. totals derived from our methodology14
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This convinces us that we do not bias in any way the underlying phenomenon, even after 
applying the presented methodology, which offers two basic advantages over previous 
work done in this area: 

a. the use of more detailed industry codes in order to more closely examine 
“hidden” specialization tendencies without losing the usefulness of 
aggregating above the plant level, and 

b. the examination of the impact of switching industries and births and 
deaths on within- and between-industry changes. 

Specifically, for each 5-digit industry over time, we sum separately total employment, 
number of production workers, and number of other employees15.  This gives us an 
industry panel from which we can assess annual changes in skill intensity at the 5-digit 
industry level using the traditional decomposition methodology: 

1. Δt(S/E) = Σ[Ei,t/Et – Ei,t-1/Et-1](Si,t/Ei,t ) + Σ[Si,t/Ei,t – Si,t-1/Ei,t-1](Ei,t-1/Et-1) 

This expression is simply the known decomposition equation (the 1st term is the between 
industry change, BIC, and the 2nd term the within industry change, WIC), derived for 
annual changes (Zarotiadis 2004a). 

Further, these numbers are calculated annually for plants that survive, either in the same 
or in another industry, for newborn plants, and plants shutting down in each industry, 
enabling us to assess separately the impact of switching industry and the impact of births 

                                                 
14 Employment figures were obtained from the 1997 Economic Census, Manufacturing Subject Series, 
General Summary (Table 1-1a). 
15 Like previous researchers we use non-production workers to represent skilled employment, and 
production workers to represent unskilled employees. 
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and deaths on the relative share of skilled employment through the following 
decomposition equation16:   

2. Δt(S/E)= Σ[tERi,t/Et – t-1ERi,t/Et-1] Si,t/Ei,t “soft” BIC 

          + Σ[tEAi,t/Et – t-1EDi,t/Et-1]Si,t/Ei,t “hard” BIC  
          + Σ[tEBi,t/Et – t-1ECi,t/Et-1]Si,t/Ei,t “very hard” BIC 
          + Σ[tSRi,t/Ei,t – t-1SRi,t/Ei,t-1]Ei,t-1/Et-1 “soft” WIC 
          + Σ[tSAi,t/Ei,t – t-1SDi,t/Ei,t-1]Ei,t-1/Et-1 “hard” WIC 

          + Σ[tSBi,t/Ei,t – t-1SCi,t/Ei,t-1]Ei,t-1/Et-1 “very hard” WIC 
As one can easily see, the overall within- and between-industry changes are decomposed 
into three sub effects:  

• Firstly, there is the change in total employment of the remaining plants 
(Remainers, R) in each industry, relative to manufacturing’s overall employment, 
weighted by the industry’s average skill intensity (Si,t/Ei,t), thereafter soft BIC; 

• Second, we have the change in industry’s employment share due to the balance of 
plants that switch into the industry (Arrivers, A) minus those that exit into 
another industry (Departers, D), weighted also by the industry’s average skill 
intensity, thereafter hard BIC; 

• Third, there is the change in the industry’s employment share due to the balance 
of newborn plants less closing plants (Births and Closers), multiplied again by 
Si,t/Ei,t, thereafter very hard BIC. 

• Analogously, we have the fist sub-effect of WIC, namely the change in relative 
skilled employment of the remaining plants in each industry, weighted by the 
industry’s share in manufacturing’s overall employment (Ei,t-1/Et-1), thereafter soft 
WIC; 

• Next, there is the change in an industry’s relative skilled employment due to the 
balance of skilled employees of plants that switch into that industry minus those 
that exit into another industry, weighted also by the industry’s share in 
manufacturing’s overall employment, thereafter hard WIC; 

• Finally, there is the change in the same industry’s skilled employment due to the 
balance of skilled employees of newborn plants less closing plants, multiplied 
again by the industry’s share in manufacturing’s overall employment, thereafter 
very hard WIC. 

Notice that we can think of this approach as a further breaking up of existing industry 
classification due to firms’ behavior. Although we concentrate in different attributes, the 
logic behind is similar to other papers that raised the question of why is an industry 
important for our empirical search and how should we use it. Bernard et al. (2003), for 
instance, argue that industry is not that informative about exporter status because it is a 
poor indicator of factor intensity. Taking both industry and factor intensity into account 
took them a bit further in explaining exporters’ productivity advantages. Also Schott 
(2003) applies an empirical methodology for recasting industry-level data into more 
                                                 
16 In general, we do not have any data for a plant in the year in which it is considered a death.  However, 
that fits exactly into the decomposition equation.  For example, for firms that “die” in 1990, we calculate 
the number of skilled workers in 1989 that will lose their jobs in 1990 as a result of the death of the plant. 
See the appendix for a more detailed derivation of the 2nd equation. 
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theoretically appropriate “Heckscher-Ohlin aggregates”. When the model is reestimated 
using those aggregates, support for the idea that output is a function of endowments is 
strong.  

 

3. Importance of Industry Aggregation  

Before dividing WIC and BIC into the six aforementioned categories, we first want to 
take a look at the relative significance of WIC and BIC when we move from a less to a 
more detailed classification level. Berman, Bound, and Griliches (1994) as well as 
Zarotiadis (2004a) found that 4-digit within-industry changes of skill intensity accounted 
for the vast majority of overall change, at least during the 70’s and the 80’s. In the 
present paper we focus on a more recent period (1976-1996). Tables 1a and 1b give an 
overview of the decomposition by presenting the summarised WIC and BIC for the 
different sub-periods between 1976 and 1996, first at the 4- and next at the 5-digit 
classification level.17  

 

Table 1a: BIC and WIC at the 4-digit classification 
  1977-80 1981-85 1986-90 1991-96 1977-1996

WIC 

         Change of 
Relative Skilled 

Employment 0,0097 0,0121 0,0060 -0,0109 0,0169

 

Share in Total Change 
in Relative Skilled 

Employment 0,59 1,02 -20,01 0,58 1,84

BIC 

         Change of 
Relative Skilled 

Employment 0,0068 -0,0002 -0,0063 -0,0080 -0,0077

 

Share in Total Change 
in Relative Skilled 

Employment 0,41 -0,02 21,01 0,42 -0,84
Total Change in Relative 
Skilled Employment  0,0165 0,0119 -0,0003 -0,0189 0,0092

 

Table 1b: BIC and WIC at the 5-digit classification 
  1977-80 1981-85 1986-90 1991-96 1977-1996

WIC 

         Change of 
Relative Skilled 

Employment 0,0126 0,0055 0,0064 -0,0127 0,0119

 

Share in Total Change 
in Relative Skilled 

Employment 0,73 0,83 1,74 0,71 1,23

BIC 

         Change of 
Relative Skilled 

Employment 0,0047 0,0011 -0,0027 -0,0053 -0,0022

 

Share in Total Change 
in Relative Skilled 

Employment 0,27 0,17 -0,74 0,29 -0,23
Total Change in Relative 
Skilled Employment  0,0173 0,0066 0,0037 -0,0179 0,0097

 

Using these sums, WIC appears to be far more significant in all four sub-periods, 
regardless of the classification we use. However, this simplified comparison (applied by 
                                                 
17 The total change in relative skilled employment differs slightly at the 4- and 5-digit classification (0,0092 
and 0,0097 respectively) since these are not exactly the same samples over time.  Given that we are dealing 
with annual changes, we lose more industry observations at the 5-digit level than at the 4-digit level due to 
smaller sample sizes at the 5-digit level.   
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Berman, Bound, and Griliches, 1994) could easily lead to wrong conclusions, especially in 
the case of the period we are focusing in: diagrams 2 and 3 show us that although the 
variability of both series is of similar strength the values of BIC are more symmetrically 
located around zero than those of WIC. This is the main reason why the net sum of 
annual values of BIC is relatively lower than that of annual values of WIC.  

Diagram 2: WIC and BIC at the 4-digit industry classification 
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Diagram 3: WIC and BIC at the 5-digit industry classification 
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An alternative way to evaluate the relative significance of the two adjustments should be 
to compare the sum of the absolute values of all annual changes (see Tables 2a and 2b). 
Doing that provides us with different figures -- in the case of the 4-digit classification, 
the sum of the absolute values of BIC is 82% of the same sum for WIC. Hence, the total 
amount of between-industry change is very close to the total amount of within-industry 
change even at the 4-digit level. When we decompose for the 5-digit classification, the 
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same figure increases up to 93,3%, which speaks to the increasing significance of the 
between-industry term.  

Based on these estimates, using a more detailed level of industry classification enhances 
BIC, although modestly, since this absorbs part of the calculated, 4-digit, within-industry 
changes. As we work with less detailed classes of industries, specialization tendencies 
among subcategories within the same industry fall into the changes in the skill intensity 
of the wider industry. For example, enterprises that move within the broader industry 
category from producing relatively less skill-intensive to relatively more skill-intensive 
products (i.e., within-industry change). Expanding the level of classification enables us to 
account for this “hidden” between-industry change correctly. Nevertheless, the following 
discussion will still reveal additional evidence for being very cautious, when we use 
“industry” as a predictor of plant’s behavior, even when we classify at more detailed 
levels. 

 

Table 2a: Absolute Magnitude of BIC and WIC at the 4-digit classification 
  1977-80 1981-85 1986-90 1991-96 1977-1996
 
 Ε|WICt| 0,02086 0,01984 0,01546 0,01959 0,07575

 
 Ε|BICt| 0,00763 0,02185 0,01800 0,01494 0,06241

Ε|BICt|/Ε|WICt| 0,366 1,101 1,164 0,763 0,824

 

Table 2b: Absolute Magnitude of BIC and WIC at the 5-digit classification 
  1977-80 1981-85 1986-90 1991-96 1977-1996
 
 Ε|WICt| 0,01887 0,01702 0,01578 0,02101 0,07267

 
 Ε|BICt| 0,01092 0,02533 0,01570 0,01583 0,06778

Ε|BICt|/Ε|WICt| 0,579 1,488 0,995 0,754 0,933

 

4. Decomposing Changes in Skill Intensity 

 

4.a Using the simple within- and between industry decomposition  

Looking simply at the summarized WIC and BIC over the whole period could lead us to 
a second misinterpretation. The fact that they are of opposite sign (0,0119 and -0,0022 
respectively in Table 1b) does not signify opposing directions of WIC and BIC. On the 
contrary, alone the picture in diagrams 2 and 3 shows a remarkable conformity among 
WIC and BIC. Which could be the reasons behind this outstanding observation?  

A first thinkable explanation is simply the business cycle. It is reasonable to assume that 
both decomposed parts of the change in skill intensity follow a countercyclical path.18 
                                                 
18 On the one hand, supposing that firing and hiring costs are higher the more skilled an employee is, 
means that less skilled workers are stronger exposed to the cyclical adjustments. Analogously, there are 
enough (partly similar) reasons to assume that less skill intensive plants are more vulnerable to the cyclical 
downturns (Zarotiadis 2004a).  
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Therefore, we control for the cyclical effect by re-estimating the correlations among BIC 
and WIC, at 4- and 5-digit classifications, after we proceed with two modifications: first, 
we normalize the measured changes in skill intensity for the percentage change of 
manufacturing’s total value added in the same year19; alternatively, we compute 5-year 
moving averages of annual BIC and WIC. Table 3 presents the estimated correlations for 
all three cases. As we see, adjusting for the business cycle does not affect the significance 
and the magnitude of the conformity among the within- and between-industry changes. 
Diagram 4 provides us with an appropriate picture: it shows the 5-years moving averages 
of WIC and BIC for both classifications. The correlation is obvious. 

 

Diagram 4: WIC and BIC at the 4- and 5-digit industry classification after correcting for 
business cycles  

 
 

Table 3: Pearson Correlation Coefficients among annual BIC and WIC and the 
respective Prob > |r| under H0: Rho=0  

 4-digit 
classification 

5-digit 
classification 

0.410 0.617 Annual WIC and BIC  
0.072 0.004 

0.342 0.612 Annual WIC and BIC normalized for % changes in 
manufacturing’s Total Value Added 0.139 0.004. 

0.591 0.695 5-years Moving Averages of WIC and BIC 
0.010 0.001 

 

Another plausible explanation is the hypothesis that BIC could result out of WIC: 
suppose that the introduction of new, skill-biased technologies is more efficient in 
productions with an already higher percentage of skilled employees. This leads to the 
straightforward assumption that skill-intensive productions will experience stronger gains 
in productivity, making them more attractive for new investments. Zarotiadis (2004a) 
controls for that in almost the same period as the present study by simply looking at the 
correlation among the industry’s skill intensity ranking and the skill intensity adjustments 
in the following periods. Astonishingly, he finds quite the opposite than what one would 
                                                 
19 Taken from the 1997 Economic Census, Manufacturing Subject Series, General Summary (Table 1-1a). 
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expect according to the mentioned hypothesis: skill intensity ranking and adjustments are 
linked, if anything, in a negative way!  

After denying alternative explanation scenarios, the next credible justification is the one 

en-BIC hypothesis helps to justify the annual, short-run conformity 

.b  Accounting for Industry Changes – Births, Deaths, and Switchers 

of a more detailed 

n of 
looking at the annual relation among within- and between-industry adjustments. Diagram 
                                                

which relates what we measure as “within-industry changes in skill intensity” to the 
generalized specialization tendencies, induced to a certain extent by global competition. 
There are mainly two ways of thinking for that. First, there is substantial hidden BIC in 
our WIC estimations: either because, even at the 5-digit classification, there are plants 
that switch into similar sub-industries of different skill intensity, or because of 
“outsourcing less skill intensive activities”.20 The discussion in the previous section 
speaks for the validity of the hidden-BIC arguments: as we saw, using “industry” as an 
instrument for setting apart specialization tendencies and factor-biased technical 
adjustments has limited validity, especially when we use less detailed industry 
classifications.  

While the hidd
among WIC and BIC, there is a second, more fancy theoretical scenario, appropriate for 
the long-run compliance, which links also technology’s factor bias to the low-labor-costs 
competition from abroad: Wood (1994) and Zarotiadis (2004b) on the one hand, and 
Thoenig and Verdier (2003) on the other, speak for a defensive, deliberately designed, 
skill-biased technical change, as a response of producers in the developed countries to 
the intensified competition from the low-wage regions of the world.21  

 

4

Perhaps the main contribution of the present paper is the introduction 
decomposition methodology (Equation 2), which enables us to determine more than 
simply the share of the changes in relative employment that appears due to within- and 
between-industry changes. We actually analyze how much of the changes arise in the 
frame of “soft” developments, in the sense that plants remain in the same industry but 
reduce their total employment and change their skill intensity (soft BIC and soft WIC 
respectively), as opposed to harder and more “violent” adjustments where plants switch 
industries (hard BIC and WIC), or where closing plants are partially or fully displaced by 
newborn plants (very hard BIC and WIC). As already mentioned, we can think of this 
approach as a further breaking up of existing industry classification by focusing in firms’ 
behavior. Analogue to the attempts of Bernard et al. (2003) and Schott (2003), we 
thereby improve the rationale for using the decomposition methodology in order to 
account for the different adjustments towards skill intensification of manufacturing.  

The use of Equation 2 provides us with insights that boost dramatically the fascinatio

 
20 Think of production being fragmented into discrete activities with differences in the relative use of 
production factors. It follows that, enterprises could react to the increasing competition from low labor 
costs regions by transferring the relatively less skill-intensive activities abroad and concentrating on more 
sophisticated tasks domestically. 
21 The comparative discussion of the alternative theoretical arguments in the literature regarding the 
defensive innovation and technical change, although interesting, is beyond the scope of the present paper. 
It is however noteworthy to mention that the validity of the axiomatic technology-skill complementarity is 
debatable. In fact, the character of technological development was not always a skill-biased one. The 
evolution through the eighteenth century, from «artisanal shops» to the earliest factories, was characterized 
by a substitution of highly skilled individuals with physical capital and less skilled labor (Goldin and Katz, 
1998). Acemoglu (1998) shares the same belief by saying «…new technologies are not complementary to 
skills by nature, but by design». In the same paper, as well as in Kiley (1999), technology’s factor bias is 
being endogenized, as the response to the evolution of the region’s relative factor abundance. 
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5 gives a broad picture of the relationships among these six components: there are 
obvious, specific consistencies in the annual development of these six different parts on 
the one hand, and offsetting effects of these series on the other.  For example, soft BIC 
hard BIC seem to be mirror images of each other. Further, diagrams A.1-A.5 in the 
appendix break these series apart (i.e., soft WIC and BIC, hard WIC and BIC and very 
hard WIC and BIC) revealing the strikingly similar patterns.  

 

Diagram 5: Estimated BIC and WIC (Soft, Hard, and Very Hard), SIC5 
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s with Section 3, we present results for the summation of the actual values for these six 
pes of changes over various periods between 1976 and 1996 and contrast these with 

.  Hence, while the total change in relative 

A
ty
results based on summations of the absolute values. This allows us to show the direction 
as well the relative magnitude of these changes.  Table 4a provides us with the estimated 
effects for the actual values (both negative and positive), and Table 4b provides us with 
similar results using the absolute values.   

From Table 4a, we can see that the soft and very hard adjustments offset the hard 
adjustments in each of the time periods
employment seems to hover around zero, the magnitudes of the components of these 
changes are quite large.  Further, Table 4a shows the soft adjustments to be the smallest 
of the changes relative to the hard and very hard adjustments, but when looking at the 
sum of the absolute values in Table 4b, we can see that the actual magnitudes of the soft 
adjustments (0,2834 from 1976-1996) is approximately 87% of the sum of hard and very 
hard WIC and BIC combined (0,3272). In terms of total magnitude, then, the very hard 
adjustments (those due to replacing closing plants with newborn plants) have the smallest 
values. Finally, Table 4b shows that BIC is at least as important, or even more important 
than WIC in all the categories.   
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Table 4a: Soft, hard and very-hard BIC and WIC, 5-digit classification 
-96 1977-1996  1977-80 1981-85 1986-90 1991

Soft BIC  Change of ative Skilled 
ent 

Rel
Employm -0,0155 -0,0139 -0,0235 -0,0410 -0,0938

Soft WIC Change of R
Employment 
elative Skilled 0,0147 0,0237 0,0062 -0,0248 0,0199

Change of Relative Skilled 
Employment - -0,0008 0,0098 -0,0173 -0,0657 0,0740Total Soft 

Adjustment 

Ch 0, 0,0 0, 0,0 0,

Share in Total Change  -0,05 1,48 -4,70 3,66 -7,64

Hard BIC ange of Relative Skilled 
Employment 0267 340 0335 445 1387

Hard WIC Change of R
Employment  
elative Skilled 0,0045 0,0042 0,0158 0,0220 0,0465

Change of Relative Skilled 
Employment 0,0311 0,0382 0,0494 0,0666 0,1852Total Hard 

Chang -0,0 -0,0 -0, -0, -0,

Adjustment 

Very Hard 
Share in Total Change  1,80 5,76 13,44 -3,71 19,15

BIC 
e of Relative Skilled 

Employment 065 189 0128 0088 0471
Very Hard 

WIC 
Change of Relative Skilled 

Employment -0,0065 -0,0224 -0,0156 -0,0099 -0,0545
Change of Relative Skilled 

Employment -0,0130 -0,0414 -0,0284 -0,0188 -0,1016Total Very 
Hard 

Adjustment 

Total Change in 

Share in Total Change  -0,75 -6,25 -7,73 1,05 -10,50

Relative Employment 0, 0, 0, -0,0 00173 0066 0037 179 ,0097

 

Table 4b:  Absolute Magnitude of BIC and WIC at the 5-digit classification 

 1-96 1977-1996  1977-80 1981-85 1986-90 199
Total sum of absolute soft BIC 0.0260 0.0408 0.0395 0.0439 0.1502 

Total sum of absolute soft WIC 0.0238 0.0354 0.0364 0.0376 0.1332 Soft 
Adjustment 

BIC 

Soft BIC relative to Soft WIC 1.0916 1.1534 1.0838 1.1677 1.1274 
Total sum of absolute hard 0.0267 0.0436 0.0335 0.0445 0.1484 

Total sum of absolute hard WIC 0.0087 0.0228 0.0183 0.0231 0.0730 Hard 
Adjustment 

 

Hard BIC relative to Hard WIC 3.0776 1.9110 1.8319 1.9243 2.0338 
Total sum of absolute VH BIC 0.0072 0.0189 0.0139 0.0089 0.0489 

Total sum of absolute VH WIC 0.0065 0.0224 0.0159 0.0120 0.0569 Very Hard 
Adjustment 

VH BIC relative to VH WIC 1.1002 0.8446 0.8708 0.7476 0.8608 

 

inally, Table 5 provides us with a very convincing picture, as it presents all the pair-wise F
estimated correlation coefficients among these six different components. The correlation 
among the between- and within-industry changes of the same character is surprisingly 
high: 0,728 between soft BIC and soft WIC and 0,951 between hard BIC and hard WIC. 
Also, annual very hard within- and between-industry adjustments seem to be almost 
identical.  Their correlation comes up to 0,932. The empirical backing of hidden-BIC 
arguments and of defensive, deliberately designed, skill-biased technical changes 
strengthens even more.   
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Table 5: Correlations among the estimated soft, hard and very hard BIC and WIC22

  Soft  
BIC 

Hard  
BIC 

Very 
Ha Crd BI

Soft  
WIC 

Hard Very  
HaWIC rd WIC 

Soft BIC 1  
Hard BIC -0.25732 1  

Ve C -0.0244 1ry Hard BI -0.58872 1  
Soft WIC 0.728604 -0.61277 -0.5064 14  
Hard WIC -0.20216 0.951008 -0.04611 -0.5890 16  

Ve 0.10018 1ry Hard WIC -0.47394 0.104687 0.93213 -0.56144

 

esides, Table 5 gives us another important insight -- soft and hard changes seem clearly 

by adjusting the total and the relative employment of the 

b. tion into different industries, or  

 

. Conclusions  

er, we made use of an exhaustive database with plant-level information 

s 

                                                

B
to be substitutes of each other.  In fact, we have significantly, negative correlations 
between soft adjustments on the one hand and the more “violent”, hard and very hard 
corrections on the other. Logically, given the supposed exogenous pressures for adjusting 
to the forces of international competition, there is a trade-off of doing it in the soft or 
the hard way: 

a. 
existing plants in each industry,  

by simply switching plant produc

c. by shutting down and opening new plants.  

5

In the present pap
from U.S. manufacturing. The methodology we used enabled us to utilize two 
advantages: more detailed levels of industry classification compared to the existing 
literature, and a more particularized decomposition equation. The first allows us to assess 
the importance of industry detail on the results. The second provides us with new 
insights into within- and between-industry adjustments of relative skilled employment.  

As expected, we saw that using a more detailed level of industry classification enhance
BIC, since it reveals those specialization changes that would be mistakenly identified as 
within-industry adjustments, in case we would use a wider definition of industries. Yet, 
even with more thoroughly classified industries (5-digit classification in the present 
study), we still find an outstanding conformity of changes in relative skilled employment 
that can be segregated in between- and within-industry adjustments. After we reject 
alternative explanations, like the business cycle effect, we conclude in favour of two 
argumentations that relate what we measure as “within-industry changes in skill 
intensity” to the generalized specialization tendencies, induced to a certain extent by 
global competition. First, there is substantial hidden BIC in our WIC estimations (either 
because there are still plants that switch into similar sub-industries of different skill 
intensity, or because of “outsourcing less skill intensive activities”). Notice that this 
speaks against the use of “industry” as a predictor of plant’s behaviot, even when we 
classify at more detailed levels. Second, particularly the long run conformity of BIC and 
WIC stands for a defensive, deliberately designed, skill-biased technical change, as a 

 
22 The lower figures in each cell express the probability of getting a larger absolute value for the respective 
correlation. 
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response of producers in the developed countries to the intensified competition from the 
low-wage regions of the world.  

In the last part of the paper, we applied a more sophisticated decomposition. Beside to 

 which is the main reason behind this consistent observation, hidden-BIC 

the between- and within industry distinction, it sets apart soft and more violent 
adjustment mechanisms. Thereby, we improve the rationale for using the decomposition 
methodology in order to account for the different adjustments towards skill 
intensification of manufacturing. Astonishingly, positive correlation between WIC and 
BIC is not only reserved, but it is even stronger when we look at within- and between-
industry adjustments of the same character. Then again, we reveal a notable trade-off 
among changes that occur in the plants that remain in a specific industry on the one hand 
(“soft” adjustments), and those that appear because some plants switch industries 
(“hard” adjustments) or because they have been replaced with new-opened ones (“very 
hard” adjustments). Although this finding is not necessarily surprising, it brings about 
needs for theoretical authentication from the realm of industrial economics. At the same 
time, it backs up the robustness of our methodology and it points out the conformity in 
the annual development of within- and between-industry adjustments in the relative use 
of skills.  

Regardless
argumentation or the hypothesis for a defensive, deliberately designed, skill-biased 
technical change, within-industry adjustment of skill intensity follow also the path of 
specialization tendencies, in other words, the patterns of global competition. In that 
sense, the empirical findings in the present paper and the respective analysis motivate 
further the theoretical discussion for the reasons lying behind the increasing inequality, 
especially in western economies. 
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Appendix 

 

A.1 Derivation of Decomposition Equation 2 

Annual employment, total or skilled, of each industry can be further decomposed among: 

 the employees that work this year in the remaining firms in this year, in other 
words, for the firms that exist in the certain industry in the present and the 
former year (tei,r,t or tsi,r,t), 

 the employees that work this year in the newborn firms that appear for the first 
time in that industry (tei,b,t or tsi,b,t) 

 and the employees that work this year in the firms (arrivals) that switched in that 
industry from another one (tei,a,t or tsi,a,t). 

Alternatively, skilled employment of each industry can be decomposed among: 

 the employees that work this year in the firms that will remain into the following 
year, in other words, for the firms that exist in the certain industry in the present 
and the next year (tei,r,t+1 or tsi,r,t+1), 

 the employees that work this year in the firms (closing) that will shut down in the 
following year (tei,c,t+1 or tsi,c,t+1) 

 and the employees that work this year in the firms (departures) that will switch into 
another industry in the following year (tei,d,t+1 or tsi,d,t+1)23 

Using the above breakdown and the related definitions, we can derive the following two 
identities: 
         R                 B     A 

1.a E ≡Σ(i,t
         r                 b     a 

tei,r,t) + Σ(tei,b,t) + Σ(tei,a,t)… or simplified… Ei,t≡tERi,t+tEBi,t+tEAi,t

 

           R      C             D 

1.b E ≡Σ(i,t-1
           r      c             d 

t-1ei,r,t) + Σ(t-1ei,c,t) + Σ(t-1ei,d,t)…or simplified…Ei,t-1≡t-1ERi,t+t-1ECi,t+t-1EDi,t

 

        R                B     A 

2.a Si,t≡Σ(tsi,r,t) + Σ(tsi,b,t) + Σ(tsi,a,t)… or simplified… Si,t≡tSRi,t+tSBi,t+tSAi,t
        r                b     a 
 

          R     C           D 

2.b S ≡Σ(i,t-1
          r     c           d 

t-1si,r,t) + Σ(t-1si,c,t) + Σ(t-1si,d,t)… or simplified… Si,t-1≡t-1SRi,t+t-1SCi,t+t-1SDi,t

Next, we can put the above identities in the equation that decomposes annual changes in 
manufacturing’s relative skilled employment (or relative non-production employment) 
into WIC and BIC (see equation 1 in the previous pages). After rearranging accordingly, 

                                                 
23 In the notation that we use, the left subscript shows the year in which employment is measured. On the 
other and, the right subscripts describe the firms: i shows the industry where they belong, r identifies the 
different remaining firms, b and a the new appeared firms due to new openings or to firms that switched 
from other industries, c and d disappearances due to shutting down or due to switching into another 
industry, and t expresses the year where the r-firms survived into (from t-1), or the year where the new-
comers appear, or even the year of disappearance.  
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we get an even more thorough and far-reaching decomposition that enables us to 
differentiate among six distinguishable terms: 

3  Δt(S/E)= Σ[tERi,t/Et – t-1ERi,t/Et-1] Si,t/Ei,t “soft” BIC 

          + Σ[tEAi,t/Et – t-1EDi,t/Et-1]Si,t/Ei,t “hard” BIC  
          + Σ[tEBi,t/Et – t-1ECi,t/Et-1]Si,t/Ei,t “very hard” BIC 
          + Σ[tSRi,t/Ei,t – t-1SRi,t/Ei,t-1]Ei,t-1/Et-1 “soft” WIC 
          + Σ[tSAi,t/Ei,t – t-1SAi,t/Ei,t-1]Ei,t-1/Et-1 “hard” WIC 

          + Σ[tSBi,t/Ei,t – t-1SCi,t/Ei,t-1]Ei,t-1/Et-1 “very hard” WIC 
 

A.2 Pairwise Development of soft, hard and very hard WICs and BICs 

Diagram A.1: Estimated Soft BIC and Soft WIC, SIC5 
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Diagram A.2: Estimated Hard BIC and Hard WIC, SIC5 
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Diagram A.3: Estimated Very Hard BIC and Very Hard WIC, SIC5 
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Diagram A.4: Estimated Soft, Hard and Very Hard BIC, SIC5 
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Diagram A.5: Estimated Soft, Hard and Very Hard WIC, SIC5 
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Abstract 

 
In order to examine the increasing use of workers of different skill levels in US manufacturing 
over the past three decades, we have developed a new decomposition methodology to better 
focus on the interaction of within- and between-industry changes of the relative skill intensity 
in U.S. manufacturing as well as various factors that influence these changes.  This new 
decomposition methodology allows us to further examine changes in skill intensity by 
classifying plants annually into four categories:  births, deaths, industry continuers, and 
industry switchers.  In previous work, we find that there are offsetting changes amongst 
these groups for both within- and between-industry changes.  In this paper, we analyze these 
relationships using the NBER US Imports and Exports Data merged with internal, plant-level 
data from the U.S. Census Bureau's Longitudinal Research Database and the new 
Longitudinal Business Database.  This allows us to examine the impact of trade on changes in 
skill intensity within our subgroups. Using the internal Census data provides more detailed 
levels of industry classification (5-digit SIC product codes) than has been used in most 
previous work in this area.  Moreover, we examine whether regional variation is important.   
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1. Introduction 

One of the most recent debates in the economics literature is about the 
factors driving the increasing use of skilled employees and the rising wage 
inequality between employees of different skill levels, while average real 
wages stagnate.  Although this is generally a macroeconomic problem, 
theoretical and empirical aggregations hide crucial aspects of these factors.  
In order to disentangle these effects, Berman, Bound, and Griliches (1994) 
introduced a decomposition equation that measured the share of overall 
changes in relative skilled employment that occurred due to within- and 
between-industry changes (WIC and BIC) using 4-digit Standard Industrial 
Classifications (SIC). Their supposition was that within-industry changes arise 
from skill-biased technical changes while between-industry changes result 
from specialization due to increased international competition.  Using their 
decomposition equation, BBG found WIC to be much larger than BIC and 
hence concluded that technology is the driving force behind these changes.  

However, the “decomposition methodology” used by BBG may not be 
disentangling these effects.  First, at the 4-digit industry level, some between 
industry changes may be measured as within-industry change.  For example, 
plants may switch their production from products with less skill intensity to 
products requiring greater skill intensity yet still remain within the same 4-
digit industry.  Bernard and Jensen (1997) argued about this same bias. They 
used a similar decomposition methodology but examined plant-level data for 
the U.S. manufacturing sector and concluded that increases in skill intensity 
and the associated increases in the wage gap could be attributed substantially 
to international trade, or to be more precise, to changes in exporting 
establishments.  Moreover, Riggs and Zarotiadis (2006), using 5-digit product 
codes, found that between-industry changes are of similar magnitude to 
within-industry changes, and that moving from a 4-digit industry classification 
to a 5-digit classification uncovers these “hidden” specialization tendencies, 
without losing the usefulness of aggregation above the plant level.24  Further, 
Riggs and Zarotiadis (2006) showed that there was significant conformity 
between WIC and BIC over time.  While BBG simply look at summarized WIC 
and BIC over a wider period of many years, Riggs and Zarotiadis looked at 
annual, within- and between-industry changes in the use of skilled 
employment relative to total employment from 1976-1996 (0.0119 and -
0.0022 respectively). Despite the opposite signs of the overall sums, there 
was a high correlation between the annual WIC and BIC series, approximately 
0.6 for the 5-digit classification.25  

In the same study, Riggs and Zarotiadis further decomposed these changes in 
relative skilled employment into three additional subcategories of within- and 
between-industry changes:  

                                                 
24 Bear in mind that more aggregated classifications bias these calculations in favor of within-
industry changes while extremely low levels of aggregation, or applying these equations at 
the plant level, overestimates the between industry term. 
25 A similar phenomenon is reported in Zarotiadis, 2004a. 
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1. “soft” adjustments due to changes by existing plants remaining 
in an industry (changes in total employment and in relative skill 
intensity),  

2.  “harder” adjustments as a result of plants’ industry switching 
behavior,  

3. even “harder” adjustments from newly opening and closing 
plants.26 

 

These findings were striking.  The correlation between the WIC and BIC 
components of the same type (e.g., “soft” within-industry and “soft” between-
industry changes) increased even more – this correlation was above 0.7 for 
changes that resulted from modifications in employment of remaining plants, 
and close to unity for those that were due to plants switching industries or to 
plants opening and closing in the industry.  Moreover, within-industry changes 
in each of the different groups of plants were again significantly correlated 
(e.g., within-industry changes for remainers and for product switchers), yet 
with a negative sign.  The same was true for between-industry changes.  The 
offsetting effect of these changes also explained the lower, though significant, 
correlation between total within- and between-industry changes. 

These findings reveal a robust conformity in changes in manufacturing’s skill 
intensity that occurs either because of interindustry specialization tendencies 
or because of intraindustry modifications of relative employment, with a clear 
trade-off between “soft” and “hard” adjustments. There are mainly two ways 
of explaining these observations theoretically. First, there could be a 
defensive, skill-biased technical change, where within-industry changes are 
driven by potential international competition. Wood (1994) was the first that 
spoke about defensive improvements of production’s technology in Western 
economies as a response to pressure from less-developed countries. There is 
also some statistical support for “defensive innovation” in findings from Sachs 
and Satz (1994) of faster total factor productivity growth during the 1980’s in 
low-skill-intensive manufacturing sectors, or in Lawrence and Slaughter’s 
(1993) and Leamer’s (1994) observations of higher productivity growth in 
low-skill rather than in high-skill sectors. In the present paper, we show that 
intensification in the use of skilled employees is higher in relatively lower skill 
industries, which is much more direct evidence for a defensive, skill-biased 
technical change. 

                                                 
26 This approach further decomposes existing industry classifications based on plant behavior. 
The logic behind this is similar to that used in other papers which have raised the question of 
why an industry is important for empirical analysis and how it should be defined. Bernard et 
al. (2003), for instance, argue that industry is not that informative about exporter status 
because it is a poor indicator of factor intensity. Taking both industry and factor intensity into 
account took them further in explaining exporters’ productivity advantages. Also Schott 
(2003) shows that industry-level data hide intra-industry heterogeneity, so he recasts 
industry-level data into more theoretically appropriate “Heckscher-Ohlin aggregates”.  Re-
estimation of his model using those aggregates completely changes the results of his 
analysis.    
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The second explanation for these observations could be that there is still 
substantial hidden BIC in our WIC estimations, even with the more detailed 5-
digit industry classification. For example, firms could react to the increasing 
competition from low-wage countries by pushing the relatively less skill 
intensive activities abroad -- through foreign direct investment (FDI), 
international cooperation, or outsourcing -- and concentrating the more 
sophisticated tasks in their domestic production.27   

In the present paper, we look for explanations for our previous findings:  
parallel within- and between-industry changes and opposing “soft” and “hard” 
adjustments.  In so doing, we use industry rates of import penetration and 
exporting activities, intensity of skills and capital, profitability, and the 
regional distribution of economic activity. The paper proceeds as follows.  
First, we present the exact methodology for the empirical research along with 
the data that we use.  Next, we discuss the results and the statistical 
inferences and interpretations. Finally, we conclude and proceed with 
proposals for enriching the theoretical debate.  

 

2. Methodology  

Before presenting the methodology of the present empirical study, it is quite 
important to restate precisely the findings of our previous paper (Riggs and 
Zarotiadis, 2006) since they play a key role in the development of these 
analyses. In the second part of that paper, we decomposed the annual 
absolute changes in relative skilled employment of US manufacturing for the 
period 1976-1996, using a methodology that distinguishes where the change 
took place, within or between 5-digit industries, and if these changes 
occurred in plants remaining in an industry, in plants switching industries, or 
in plants opening and closing in an industry. The decomposition equation that 
we used is as follows: 

Δt(S/E)= Σ[tERi,t/Et – t-1ERi,t/Et-1] Si,t/Ei,t “soft” BIC 

          + Σ[tEAi,t/Et – t-1EDi,t/Et-1]Si,t/Ei,t “hard” BIC  
          + Σ[tEBi,t/Et – t-1ECi,t/Et-1]Si,t/Ei,t “very hard” BIC 
          + Σ[tSRi,t/Ei,t – t-1SRi,t/Ei,t-1]Ei,t-1/Et-1 “soft” WIC 
          + Σ[tSAi,t/Ei,t – t-1SDi,t/Ei,t-1]Ei,t-1/Et-1 “hard” WIC 

          + Σ[tSBi,t/Ei,t – t-1SCi,t/Ei,t-1]Ei,t-1/Et-1 “very hard” WIC 
 

where Δt is the change from time t-1 to t; S is total skilled employment in 
manufacturing28; E is total employment in manufacturing; Si,t is total skilled 
employment in industry i in time t; Ei,t is total employment in industry i in time 
t;  Ei,t-1is total employment in industry i in time t-1; Et-1 total employment in 
                                                 
27 Feenstra and Hanson (1999) elaborated and examined the outsourcing argument for the 
US. 
28 Like previous researchers we use non-production workers to represent skilled employment, 
and production workers to represent unskilled employees. 
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manufacturing in t-1; [tERi,t] is the total employment in time t of plants 
remaining in industry i in t (remainers); [t-1ERi,t] is the total employment in 
time t-1 of plants remaining in industry i in t; [tSRi,t/Ei,t] is the total skilled 
employment in time t of plants remaining in industry i in t; and [t-1SRi,t/Ei,t-1] is 
the total skilled employment in time t-1 of plants remaining in industry i in t; 
[tEAi,t] is the total employment in time t of established plants arriving in 
industry i in t (arrivers);   [t-1EDi,t] is the total employment in time t-1 of 
established plants departing industry i in t (departers) for another industry; 
[tSAi,t/Ei,t] is the total skilled employment in time t of plants arriving in 
industry i in t; and [t-1SDi,t/Ei,t-1] is the total skilled employment in time t-1 of 
plants departing industry i in t; [tEBi,t] is the total employment in time t from 
plant births in industry i in t; [t-1ECi,t] is the total employment in time t-1 from 
plant closings  in industry i in t (closers); [tSBi,t/Ei,t] is the total skilled 
employment in time t from plant births in industry i in t; and  [t-1SCi,t/Ei,t-1] is 
the total skilled employment in time t-1 of plant closings in industry i in t.     

Table 1 summarizes the different aspects of this decomposition, and 
Diagram 1 illustrates a plant’s decision-making process, linking the decision 
points to the different types of changes described in Table 1. 
 

Table 1: Decomposition of manufacturing-wide changes in relative skilled employment 

Net sum of changes in relative skill employment that results from… 

 
Firms remaining 
within an industry 
(soft) 

Firms switching 
industry  
(hard) 

Balance of firms’ births 
and deaths (very hard) 

Between 
Industry 
Changes  

… changes in 
employment of remaining 
plants in industries of 
different average relative 
skill employment. 

… employment of plants 
switching into an industry 
less the employment  of 
those exiting from an 
industry of different 
average relative skill 
employment. 

… employment of newborn 
plants less employment of 
those that closed in 
industries of different 
average relative skill 
employment.  

Within 
Industry 
Changes  

… changes in skilled 
employment of each 
remaining plant, 
weighted by the 
industry’s share in total  
employment.  

… changes in skilled 
employment of plants 
switching into an industry 
less changes of those 
exiting from industries, 
weighted by the 
industry’s share in total  
employment. 

… changes in skilled 
employment of newborn 
plants less changes of 
those that closed in each 
industry, weighted by the 
industry’s share in total  
employment. 

Table 1 also simplifies the description of the main findings from our previous 
work.  While we found an extremely strong positive correlation in the vertical 
sense (for within- and between industry changes of different types of plants), 
there was also a significant negative correlation in the horizontal sense for the 
different types of adjustments. In other words, we find a remarkable 
conformity in these different types of changes over time. 
Diagram 1: Plant’s decision-making map with respect to our discussion of skill-intensity 
adjustments 

 
NO Very Hard  

BIC and WIC
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NO 
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Adjust plant's 
technology? 
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YES 

NO 

SHUT 
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PLANT

SWITCH TO 
A SPECIFIC 
INDUSTRY

CHANGES IN 
PLANT'S TOTAL 
EMPLOYMENT

Adjust  
plant's size? 

CHANGES IN 
PLANT'S SKILL 

INTENSITY

Adjust plant's 
technology? 

Switch to 
another 

industry? 

Hard BIC 

Hard BIC 

Hard WIC 
Very Hard 

BIC and WIC 

 

In the present paper, we take a step back to identify factors that have been 
driving the changes in the use of skilled versus unskilled labor over time 
among these different groups of plants. This should provide us with a better 
understanding of the underlying causes of the relationship between these 
very different macroeconomic trends and of plant-level behaviors influencing 
these trends.  
 

3. Data 

This paper merges the U.S. Census Bureau’s Longitudinal Research Database 
(LRD) with the Bureau’s new Longitudinal Business Database (LBD) for the 
time period 1976-1996.  The LRD contains all the data collected for the 
Annual Survey of Manufactures (ASM) and the Economic Census of 
Manufactures (CM).  Plants in the LRD have unique identifiers that allow them 
to be linked longitudinally.  The LBD is derived from the Bureau’s Business 
Register and contains basic information on an annual basis about the entire 
universe of legally operating establishments (e.g., a plant or a store) in the 
United States with at least one employee, for all industries.29  The LBD also 
provides unique identifiers that link establishments over time and allows us to 
study, if not the entire life history of an establishment, at least a significant 
portion (from 1976-1999).   

The merge between the LRD and the LBD is necessary in order to distinguish 
actual births and deaths of plants from plants entering and exiting the sample 
in the Annual Survey of Manufactures, since the Annual Survey of 
Manufactures is not designed as a continuous panel and the sample of 

                                                 
29 For further information, see Jarmin and Miranda, 2000, The Longitudinal Business 
Database, U.S. Census Bureau, Center for Economic Studies Working Paper Series.  
www.ces.census.gov. 
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establishments is re-selected every 5 years. There are some establishments 
that are retained in the sample; however, these are typically only larger 
establishments (employment greater than 250).  While these larger plants are 
responsible for a vast majority of total output, examining only these plants 
prevents us from examining changes where change is most likely to occur, in 
smaller establishments.  Further, using only these larger establishments is 
likely to provide an inaccurate picture of births and deaths of establishments.  
For these reasons, we matched establishment data in the LRD to the LBD 
data using unique identifiers in order to obtain birth and death information for 
the establishments in our sample. The establishment-level data were then 
aggregated to the 5-digit industry level (weighted to account for sampling in 
the ASM).  

For the analyses in this paper, we use the LRD to obtain data about total 
employment, non-production workers, production workers, and other plant 
characteristics (e.g., total capital, labor costs, value added) for each 
establishment and to classify each establishment using 5-digit SIC product 
codes rather than the typical 4-digit SIC code used for most publications.  To 
classify plants in a 5-digit category, we use establishment reports of revenues 
by product class code from both the ASM and the CM.  The five-digit class 
codes were assigned annually to the establishment based on the product for 
which the establishment had the most revenues in that year.  Codes were 
assigned annually rather than for the entire life of the establishment to allow 
for industry switching.  For 1976-1996, these are 1987 SIC product class 
codes.  In 1997, the Census Bureau converted to NAICS; therefore, for 1997 
and thereafter, the LRD industry product codes use the NAICS system.  It is 
beyond the scope of this project to convert the data to one standard.  
Further, given the nature of these analyses of within- and between-industry 
changes, it is important to have a degree of accuracy and standardization in 
the system being used.  Hence, these analyses use data only for the years 
1976-1996.30   

From the data, we construct our dependent variables based on the 
decomposition equation developed in our previous work (Riggs and Zarotiadis 
2006).  After computing these six industry-specific measures, we end up 
having a panel of six different time series for each 5-digit industry.   

 
i. adjustments of relative skilled employment in the remaining plants 

in an industry;  

[tSRi,t/Ei,t – t-1SRi,t/Ei,t-1] 

ii. adjustments of relative skilled employment by plants switching into 
an industry and those switching out of an industry (arrivals and 
departures); 

                                                 
30 In “non-operating plants”, all employment is non-production employment (e.g., central 
offices and auxiliary establishments). Non-operating plants are not included in the ASM or in 
CM (their employment is tracked through other sources); hence, these analyses focus only on 
operating manufacturing establishments. 
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[tSAi,t/Ei,t – t-1SDi,t/Ei,t-1] 

iii. adjustments of relative skilled employment by opening plants and 
closing plants in an industry (births and closings); 

[tSBi,t/Ei,t – t-1SCi,t/Ei,t-1] 

iv. adjustments in employment in the remaining plants in an industry 
relative to manufacturing’s total employment:  

[tERi,t/Et – t-1ERi,t/Et-1] 

v. adjustments in employment by plants switching into an industry 
and those switching out of an industry relative to manufacturing’s 
total employment:  

[tEAi,t/Et – t-1EDi,t/Et-1] 

vi. adjustments in employment balance by opening plants and closing 
plants in an industry relative to manufacturing’s total employment: 

[tEBi,t/Et – t-1ECi,t/Et-1] 

The first three series correspond to the different decisions of firms that result 
in changes of skill intensity within each industry, while the second three 
correspond to the different decisions that induce a change in each industry’s 
relative significance (in terms of shares in total manufacturing’s employment). 
Our intention is to explain the dynamics of these series by applying panel 
data techniques.  

We also include several explanatory variables in our analyses.  First, we wish 
to consider regional characteristics and use the four regions as defined by the 
US Census Bureau: Northeast, Midwest, South, and West. Therefore, we 
classify the plants in our data set according to the wider region where they 
are located and calculate the percentage of each industry in each region.  

We use import and export intensities (value of imports and value of exports 
over the industry’s total value of shipments) in order to uncover the direct 
effects from foreign competition. Notice that both variables are defined at the 
level of 4-digit industries meaning that we have to adjust for aggregation 
bias.  The value of imports and exports from each 4-digit industry were 
obtained from the NBER trade data set compiled by Feenstra and Schott.31    

Next, we aggregate plant-level information at the 5-digit industry level to 
calculate the average size of plants in an industry, the relative skilled 
employment in an industry, capital intensity in an industry, as well as nominal 
returns on factors in the industry.  As a measure of relative skilled 
employment (i.e., skill intensity), we use the ranking of an industry’s skill 
intensity rather than the ratio of skilled to total employment, which could 
cause problems due to the definition of our dependent variables.  We 
construct the ranking as follows: 

                                                 
31 These data are available through the NBER website:  www.nber.org/data/. 
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(1) σi = (si-sl)/(sh-sl), where si is the skill intensity of each industry, 
while sl and sh correspond to the lowest and 
highest measured skill-intensity, respectively.  

In addition to the aforementioned explanatory variables, we use the annual 
percentage change in total value of shipments for manufacturing to control 
for the business cycle.  

To summarize, the following is the basic equation that we modeled for these 
analyses: 

Yit=B0+ΣBiXi,t-1+eit

where Y represents one of our six series, i represents the industry, t 
represents the current time period, X is one of the explanatory variables 
measured for industry i in time, t-1.  Given that our dependent variables are 
adjustments to industry conditions, we hypothesize that the conditions in t-1 
are relevant to changes in time t.  Initially, we run these regressions using 
basic OLS; however, we also use various models which are appropriate for 
analyzing panel data (to adjust for heteroskedasticity and autocorrelation). 

We estimate our regressions for the full time period, 1976-1996, and for a 
shorter sub-period, 1976-1989, since the tendency for skill intensity to 
increase is stronger in this sub-period.  This can be seen in Diagram 2, which 
depicts the annual change in manufacturing’s relative skilled employment, 
Δt(S/E), calculated with the published ASM totals as well as with the figures 
derived from our methodology.32

 

 

Diagram 2: Change in Manufacturing’s Relative Non-Production Employment 
(S/E) using published ASM totals vs. totals derived from our methodology33

                                                 
32 By adding a dummy variable for the post-1990 period in our regression, we found that 
splitting the time period mattered for changes in skill intensity since the coefficient on this 
dummy was highly significant (at the 1% level) for all three of the measures of the changes 
in skilled employment. However, it was not significant for any of the three measures of 
changes in employment. 
33 Employment figures were obtained from the 1997 Economic Census, Manufacturing Subject 
Series, General Summary (Table 1-1a). 
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3. Empirical Results 

3.1 Descriptive Statistics and Stylized Facts 

First, we focus on some descriptive statistical features of our sample of plants 
with regard to the explanatory variables that we will be using.  Table A.1 in 
the appendix presents three different sets of correlations: those for the entire 
period, 1976-1996; those for 1977 and those for 1995.  We chose to look at 
two specific years in order to exclude the cross-time variation, and we chose 
1977 and 1995 to avoid the truncation we find in 1976 and 1996. 

The results are not very surprising, and they restate conclusions that have 
already been drawn in the existing literature. First, there is a strong positive 
correlation between average labor costs in an industry and an industry’s skill 
intensity ranking (0.36, 0.41, 0.40 for all periods, 1977, and 1995 
respectively); hence, average labor costs are higher for more skill intensive 
industries, typically because of the existing skill premium. The relationship is 
even stronger, when we exclude the cross time variation.  Also, in all time 
periods, there is a strong, positive correlation between average labor costs 
and average plant size (0.20, 0.41, 0.36) as well as between average labor 
costs and capital intensity (0.14, 0.48, 0.40). As can be seen, these effects 
increase substantially when we focus only on cross-industry variation in 1977 
and 1995.  

The next important positive correlation is the one between export intensity 
and import intensity for the 4-digit industries. The correlation is much higher 
for the entire time period (0.42) and for 1995 (0.33) than for 1977 (0.09). 
Hence, more export activity in an industry corresponds to greater coverage of 
domestic demand by imports. There are three possible explanations for this 
observation. First, it could be explained by the well documented intra-industry 
trade among countries of similar characteristics. Second, it could be that the 
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4-digit classification is not detailed enough to separate traded and untraded 
goods.  Third, it could also be the domination of the total value of each 
industry’s shipments (since we divide import and exports by the TVS). Since 
the correlation falls (although it remains significant) when we focus only on 
the cross-industry dimension especially for 1977, it is unlikely that TVS is the 
main cause.  

Further, we found a modest positive correlation between export intensity and 
the industry’s skill intensity (0.04, 0.19, 0.09) as well as between export 
intensity and the industry’s average labor payments (0.18, 0.18, 0.05). Both 
of these imply that US export activity is stronger in more skill-intensive 
sectors.34 Moreover, in 1977, we see significant negative correlations between 
the industry’s average return on capital and capital intensity of production (-
0.23) and between average return on capital and labor payments (-0.22).  

3.2 Regression Results and Significant Differences  

As the above discussion revealed, average labor costs in an industry are 
highly correlated to that industry’s skill intensity as well as to production size 
and capital intensity. In other words, three of our independent variables 
provide already significant and theoretically consistent information about 
average labor costs in an industry. Therefore, we run two sets of regressions, 
once with the whole set of independent variables (as presented above) and 
once after dropping average labor costs.  

Tables A.2 to A.5 in the Appendix presents the results of the different 
regressions in more detail. The following tables give simply the significant 
signs that have been estimated in the six different series of independent 
variables that we developed for each industry. The picture helps us to discuss 
the main empirical observances, with respect to the specific questions that we 
set initially. 

The estimated signs of the coefficients are the same, regardless of the period 
(1976-1996 or 1976-1989) or the set of explanatory variables used (with or 
without average labor’s remuneration). Further, it seems that regional 
features explain a significant part of the trade-off between soft and hard 
adjustments, especially for the within-industry changes. At the same time, the 
regenerated part of an industry (employment balance of new-born minus 
closing plants) is higher in industries that are more concentrated in the 
Midwest and the South, which could be responsible, under specific conditions, 
for a significant part of the positive correlation of “very hard” BICs and WICs.  

The business cycle (% change of manufacturing’s annual value of shipments) 
also provides an explanation for the trade-off between “soft” and “hard” 
adjustments, especially for adjustments in total and in skilled employment of 
remainers and of opening/closing plants. The first piece seems to behave in a 
counter-cyclical manner, while the second in a pro-cyclical one. In other 
words, opening new and closing old plants is a way for industries to adjust to 
cyclical ups and downs. 
                                                 
34 Looking at the different industries in 1977 provides us with slighter but still significant negative 
correlations among the same characteristics and import penetration rates.  

 32



 

Table 2: Signs of significant coefficients 

In the upper line we have the 1976-96 regressions while in the lower the regressions for the 
period 1976-1989.  Left side gives the estimations with the whole set of Independent and 
right side those when we drop average labor costs. 

Changes in 

Remainer’s 
Skilled 

Employment 

Skilled 
Employment 
Balance of 
Switchers 

Skilled 
Employment 
Balance of 
Births and 

Deaths 

Remainer’s 
Employment 

Employment 
Balance of 
Switchers 

Employment 
Balance of 

Births/Deaths 

 

…lead to within-industry changes… …lead to between-industry changes… 

 -   + +      + Region 2:  
Midwest  -  +    -    + 

- -  + + +       
Region 3:  South 

- - + + + +       

  -  + +       
Region 4:  West 

      + +     

- - + +   - -   + + Business Cycle 
(ΔTVS) - - + + + + - -   + + 

- - + +   - - + + - - Average Plant 
Size - -  +  + - - + + - - 

           + 
Export Intensity 

  - -     - - + + 

            
Import Intensity  

 +           

+ +  +        + Skill Intensity 
Rank + +  + -  +     + 

+ +   - - - - - -   
Capital Intensity 

+  -  - - - - - -   

            Returns on 
Capital   -           

-  +  +  -    +  
Labor Costs 

-  +  +  -    +  

 

Next, we examine the direct trade effects. Imports, although defined at the 4-
digit level, have a marginally negative effect on each industry’s “very hard” 
employment adjustments and a clear positive effect on “soft” adjustments of 
skilled employment by remainers for the period 1976-1989. This supports the 
idea of skill-biased technical changes in response to the intensity of 
international competition. 

With exports, there is a clear opposite effect on “hard” and “very hard” 
changes in industry’s employment share, with employment changes due to 
switchers being negatively affected and with changes due to plant births and 
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deaths being positively affected by the industry’s export intensity. In other 
words, while new plants tend to move towards the intensively exporting 
branches, the opposite is true with switchers, who clearly back off from 
exporting activities. 

Another observation which is difficult to assess is the clear negative sign of 
export intensity in an industry’s “hard” adjustments of skill intensity. In other 
words, the balance of skilled employment due to switchers in minus switchers 
out of an industry is more likely to be high in industries with less exporting 
intensity.  

The effects of average plant size are also interesting. First, average plant size 
seems to provide good reasons for the positively correlated “soft” 
adjustments in total and skilled employment in each industry. The size (total 
employment) of the remainers is less likely to increase when average size is 
already high. At the same time, skilled employment adjustments by remainers 
are weaker when average plant size is larger. Limited flexibility with larger 
plants is a likely explanation for this.  

Things look quite different for switchers, however, especially when 
considering the whole period. Based on these results, switchers generally 
prefer to switch into industries with larger plants, i.e., with higher-scale 
production. Also, there is modest evidence that these switchers tend to 
increase the industry’s skill intensity, especially when they are switching into 
branches with larger production. One possible explanation is that investing in 
new technologies which are more capital and skill intensive may require an 
“economies of scale environment” in order to be worthy. Note, however, that 
the opposite effect on remainers and switchers is also a good explanation of 
the trade-off between “soft” and “hard” adjustments.  

Next, average plant size in an industry has a negative impact on changes in 
total employment that occur from entry and exit.  This makes sense as entry 
and exit barriers are far more significant when larger plants are required. 

Industry’s capital intensity is also quite significant, but it can only be used to 
explain the trade-off between “soft” and “very hard” within-industry changes. 
Increasing capital intensity seems to strengthen the upward adjustments of 
remainers’ skill intensity, but, perhaps unexpectedly, it reduces skill intensity 
resulting from entry and exit.  

Moreover, switchers are clearly moving to industries with relatively lower 
capital intensity, while at the same time, the remaining plants in industries 
that use relatively more capital are also less likely to increase their 
employment. Both effects speak to a generalized specialization tendency for 
US manufacturing away from the capital intensive production during the 
specific period.  

The skill intensity ranking of an industry is also significant. It has a clear 
positive effect on skilled employment adjustments by remainers and also by 
switchers.  Therefore, more skill-intensive industries will see stronger 
increases of skilled employment (relative to total employment) in remainers 
and increased skilled employment due to the switchers. This is supported by 
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arguments in the literature that speak of skilled employees adjusting more 
efficiently to new technologies. 

Skill intensity ranking has further a significant positive impact on remainers’ 
total employment during the period 1976-1989, signifying the clear 
specialization tendency towards more skill-intensive production during this 
time period. 

The coefficients for labor costs provide also seem to be a factor driving the 
trade-off between “soft” and “very hard” adjustments. 

 

4. Conclusions  

 

There are some significant direct effects from trade on adjustments of size 
(total employment) and skill intensity, primarily before 1990.  Regional 
characteristics and Business Cycles matter for both, the correlation of within- 
and between-industry changes, as well as for the trade-off between “soft” 
and “hard” adjustments.  I-O factors (plant size, capital and skill intensity 
etc.) also seem to be also important for explaining this trade-off. 
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Appendix 

 

Table A.1: Estimated Pearson Correlation Coefficients between the 
industry characteristics and the respective Prob > |r| under H0: 
Rho=0 (Observations: annual measures of the variables 5-digit industries for 1976-1996) 
  ave_te ind_skill ind_KL ind_ROL ind_ROC expTVS impTVS 

Average Plant’s Total 
Employment 

ave_te 
1   

Industry’s Skill Intensity 
Ranking 

ind_skill 
0.09621 
<.0001 

1   

Industry’s Capital 
Intensity  

ind_KL 
0.06785 
<.0001 

0.08263 
<.0001 

1   

Industry’s Average Labor 
Costs 

Ind_ROL 0.19847 
<.0001 

0.35593 
<.0001 

0.14896 
<.0001 

1   

Industry’s Average Return 
on Capital  

Ind_ROC 
-0.00141 

0.8051 
0.00933 
0.1014 

-0.01024 
0.0722 

0.02075 
0.0003 

1  

Export Intensity (SIC4) 
 

expTVS 
-0.01425 

0.0127 
0.04219 
<.0001 

-0.06447 
<.0001 

0.17914 
<.0001 

-0.00157 
0.7846  

1 

Import Intensity (SIC4) impTVS -0.01132 
0.0476 

-0.00297 
0.6035 

-0.03357 
<.0001 

0.03863 
<.0001 

-0.00110 
0.8484  

0.42184 
<.0001  

1

(Observations: measures of the variables for 5-digit industries in 1977) 
  ave_te ind_skill ind_KL ind_ROL ind_ROC expTVS impTVS 

Average Plant’s Total 
Employment 

ave_te 
1   

Industry’s Skill Intensity 
Ranking 

ind_skill 0.19329 
<.0001 

1   

Industry’s Capital 
Intensity  

ind_KL 
0.06191 
<.0426 

0.12457 
<.0001 

1   

Industry’s Average Labor 
Costs 

Ind_ROL 0.40943 
<.0001 

0.41132 
<.0001 

0.47886 
<.0001 

1   

Industry’s Average Return 
on Capital  

Ind_ROC 
-0.05336 

0.0808 
0.06718 
0.0278 

-0.22540 
<.0001 

-0.21835 
<.0001 

1  

Export Intensity (SIC4) 
 

expTVS 
0.04155 
0.1738 

0.19359 
<.0001 

0.05491 
0.0722 

0.17923 
<.0001 

-0.04443 
0.1460 

1 

Imports Intensity (SIC4) impTVS -0.00212 
0.9448 

-0.12754 
<.0001 

0.03629 
0.2349

-0.09500 
<.0001 

0.04869 
0.1111 

0.09390 
0.0021  

1

(Observations: measures of the variables for 5-digit industries in 1995) 
  ave_te ind_skill ind_KL ind_ROL ind_ROC expTVS impTVS 

Average Plant’s Total 
Employment 

ave_te 
1   

Industry’s Skill Intensity 
Ranking 

ind_skill 
-0.00115 

0.9616 
1   

Industry’s Capital 
Intensity  

ind_KL 0.25155 
<.0001 

0.23631
<.0001 

1   

Industry’s Average Labor 
Costs 

Ind_ROL 0.35761 
<.0001 

0.40118
<.0001 

0.40443
<.0001 

1   

Industry’s Average Return 
on Capital  

Ind_ROC 
-0.00151 

0.9502 
-0.00716 

0.7663
-0.04725

0.0498
0.05792
0.0162

1  

Export Intensity (SIC4) 
 

expTVS 
-0.02247 

0.3762
0.08777 
0.0005 

0.10879 
<.0001 

0.05091 
0.0449

-0.03889 
0.1294 

1 

Import Intensity (SIC4) impTVS -0.03118 
0.2194 

-0.03328
0.1899

0.00065 
0.9797

-0.12456 
<.0001 

-0.02086 
0.4160 

0.33353 
<.0001  

1
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Table A.2: Estimations by the simple regression model - 
Regression for the period 1976-1996 and with the whole set of 
explanatory variables 

 DEPENDENT VARIABLES 

Δ in skilled 
employment of 

remaining plants in 
industry 

SWIC 

Δ in skilled 
employment 

balance of arrivals 
and departures 

HWIC 

Δ in skilled 
employment balance 

of opening and 
closing plants in 

industry 

VHWIC 

Δ in total employment 
of remaining plants in 

industry 

SBIC 

Δ in employment 
balance of arrivals 
and departures in 

industry 

HBIC 

Δ in employment 
balance of opening and 
closing plants in industry

VHBIC 
EXPLANATORY 

VARIABLES 

(by industry in t-1) Estimation 
Pr > |t| 

estimation 
Pr > |t| 

Estimation 
Pr > |t| 

estimation 
Pr > |t| 

Estimation 
Pr > |t| 

estimation 
Pr > |t| 

Region 2:  
 Midwest 

-0.0469 
0.1303 

-0.00006523 
0.9812 

0.00275 
0.0481 

-0.00000215 
0.8124 

0.00000576 
0.3779 

0.00000298 
0.0670 

Region 3:   
South 

-0.00781 
0.0107 

0.00408 
0.1363 

0.00473 
0.0006 

-0.00000893 
0.3169 

0.00000686 
0.2869 

0.00000191 
0.2334 

Region4:   
West  

0.00139 
0.7013 

-0.00749 
0.0212 

0.00662 
<.0001 

0.00001462 
0.1676 

0.00001198 
0.1170 

-0.00000237 
0.2123 

Export  
Intensity 

0.00000661 
0.2439 

0.00000794 
0.1174 

3.8498559E-7 
0.8797 

1.193155E-8 
0.4706 

-3.40938E-9 
0.7751 

3.039439E-9 
0.3063 

Import 
Intensity  

0.00000104 
0.4432 

-1.00679E-7 
0.9340 

4.415876E-7 
0.4685 

-3.78422E-9 
0.3395 

-3.3859E-10 
0.9057 

2.15729E-10 
0.7618 

Skill Intensity 
Ranking 

0.04714 
<.0001 

-0.00093984 
0.7999 

-0.000249 
0.1799 

0.00001310 
0.2784 

0.00000849 
0.3303 

0.00000297 
0.1710 

Industry’s Capital  
Intensity 

0.00003010 
0.0002 

0.00000307 
0.6751 

-0.00002606 
<.0001 

-9.58836E-7 
<.0001 

-4.47408E-8 
0.0093 

-2.10107E-9 
0.6239 

Average  
Plant Size 

-0.000002229 
0.0151 

0.00000288 
0.0007 

-6.51044E-7 
0.1239 

-2.2815E-8 
<.0001 

7.953898E-9 
<.0001 

-5.08337E-9 
<.0001 

Average Return on 
Capital  

-4.91359E-8 
0.7713 

1.056748E-8 
0.9443 

-1.69713E-8 
0.8228 

-1.362E-10 
0.7823 

2.54041E-11 
0.9430 

-1.4106E-13 
0.9987 

Average Labor’s 
Remuneration  

-0.00073432 
<.0001 

0.00033971 
<.0001 

0.00014349 
<.0001 

-9.58836E-7 
<.0001 

5.747554E-8 
0.6002 

2.034882E-7 
<.0001 

% Change in 
Manufacturing TVS 

-0.15971 
<.0001 

.09045 
<.0001 

0.00815 
0.1628 

-0.00018252 
<.0001 

0.00003821 
0.1632 

0.00004384 
<.0001 

Adjusted R2

 
0.0143 0.0047 0.0035 0.0064 0.0007 0.0067 
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Table A.3: Estimations by the simple regression model - 
Regression for the period 1976-1989 and with the whole set of 
explanatory variables 

 DEPENDENT VARIABLES 

Δ in skilled 
employment of 

remaining plants in 
industry 

SWIC 

Δ in skilled 
employment 

balance of arrivals 
and departures 

HWIC 

Δ in skilled 
employment balance 

of opening and 
closing plants in 

industry 

VHWIC 

Δ in total employment 
of remaining plants in 

industry 

SBIC 

Δ in employment 
balance of arrivals 
and departures in 

industry 

HBIC 

Δ in employment 
balance of opening and 
closing plants in industry

VHBIC 
EXPLANATORY 

VARIABLES 

(by industry in t-1) estimation 
Pr > |t| 

estimation 
Pr > |t| 

estimation 
Pr > |t| 

estimation 
Pr > |t| 

estimation 
Pr > |t| 

estimation 
Pr > |t| 

Region 2:  
 Midwest 

-0.00060 
0.87 

0.00098 
0.76 

0.00184 
0.2243 

-0.00001 
0.24 

0.000005 
0.61 

0.000003 
0.22 

Region 3:   
South 

-0.00724 
0.05 

0.00931 
0.005 

0.00362 
0.02 

-0.000009 
0.44 

0.00001 
0.23 

0.00000003 
0.99 

Region4:   
West  

0.00635 
0.15 

0.00220 
0.57 

-0.00132 
0.46 

0.00003 
0.05 

0.00001 
0.20 

-0.000003 
0.18 

Export  
Intensity 

6.95523 
0.21 

-15.74793 
0.001 

-1.36790 
0.54 

-0.00010 
0.95 

-0.02727 
0.05 

0.01328 
<.0001 

Import 
Intensity  

1.84025 
0.17 

1.72200 
0.15 

-0.42792 
0.44 

-0.00576 
0.18 

0.00146 
0.66 

-0.00110 
0.16 

Skill Intensity 
Ranking 

0.04996 
<.0001 

0.00381 
0.42 

-0.00696 
0.001 

0.00003 
0.04 

0.00001 
0.27 

0.000003 
0.28 

Industry’s Capital  
Intensity 

0.00004 
<.0001 

-0.00002 
0.01 

-0.00002 
<.0001 

-0.0000001 
<.0001 

-0.00000005 
0.03 

0.0000000008 
0.89 

Average  
Plant Size 

-0.000002 
0.04 

0.0000008 
0.38 

3.56728 
0.40 

-0.00000001 
<.0001 

0.000000007 
0.007 

-0.000000006 
<.0001 

Average Return on 
Capital  

-0.000002 
0.11 

0.0000002 
0.86 

1.94078 
0.73 

-0.0000000004 
0.93 

0.000000002 
0.61 

-0.00000000002 
0.98 

Average Labor 
Costs  

-0.00104 
<.0001 

0.00059 
<.0001 

0.00026 
<.0001 

-0.000001 
0.0001 

0.00000002 
0.92 

0.0000003 
<.0001 

% Change in 
Manufacturing TVS 

-0.19215 
<0.001 

0.07632 
<.0001 

0.04844 
<0.0001 

-0.00020 
<.0001 

0.00004 
0.23 

0.00006 
<.0001 

Adjusted R2 0.0198 0.0057 0.0074 0.0063 0.0006 0.0107 
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Table A.4: Estimations by the simple regression model - 
Regression for the period 1976-1996 and after dropping the 
explanatory “average labor costs” 

 DEPENDENT VARIABLES 

Δ in skilled 
employment of 

remaining plants in 
industry 

SWIC 

Δ in skilled 
employment 

balance of arrivals 
and departures 

HWIC 

Δ in skilled 
employment balance 

of opening and 
closing plants in 

industry 

VHWIC 

Δ in total employment 
of remaining plants in 

industry 

SBIC 

Δ in employment 
balance of arrivals 
and departures in 

industry 

HBIC 

Δ in employment 
balance of opening and 
closing plants in industry

VHBIC 
EXPLANATORY 

VARIABLES 

(by industry in t-1) Estimation 
Pr > |t| 

estimation 
Pr > |t| 

Estimation 
Pr > |t| 

Estimation 
Pr > |t| 

Estimation 
Pr > |t| 

Estimation 
Pr > |t| 

Region 2:  
 Midwest 

-0.01305 
<.0001 

0.00380 
0.1636 

0.00438 
0.0013 

-0.00001305 
0.1420 

0.00000641 
0.3171 

0.00000529 
0.0009 

Region 3:   
South 

-0.01158 
0.0002 

0.00582 
0.0330 

0.00547 
<.0001 

-0.00001385 
0.1195 

0.00000715 
0.2648 

0.00000295 
0.0646 

Region4:   
West  

-0.00174 
0.6329 

-0.00604 
0.0629 

0.00724 
<.0001 

0.00001053 
0.3198 

0.00001223 
0.1090 

-0.00000151 
0.44238 

Export  
Intensity 

-0.00001021 
0.0666 

-1.62776E-7 
0.9738 

0.00000367 
0.1400 

-1.0026E-8 
0.5355 

-2.09318E-9 
0.8576 

7.699368E-9 
0.0081 

Import 
 Penetration  

0.00000184 
0.1757 

-4.7218E-7 
0.6976 

2.84669E-7 
0.6402 

-2.73564E-9 
0.4898 

-4.0145E-10 
0.8882 

-6.8051E-12 
0.9924 

Skill Intensity 
Ranking 

0.02598 
<.0001 

0.00885 
0.0105 

0.00164 
0.3438 

-0.00001452 
0.1978 

0.00001015 
0.2120 

0.00000884 
<.0001 

Industry’s Capital  
Intensity 

0.00001689 
0.0384 

0.00000918 
0.2071 

-0.00002348 
<.0001 

-1.07608E-7 
<.0001 

-4.37069E-8 
0.0106 

1.55945E-9 
0.7144 

Average  
Plant Size 

-0.00000501 
<.0001 

0.00000413 
<.0001 

-1.19964E-7 
0.7723 

-2.63639E-8 
<.0001 

8.166626E-9 
<.0001 

-4.33022E-9 
<.0001 

Average Return on 
Capital  

-9.58341E-8 
0.5720 

3.217058E-8 
0.8316 

-7.84631E-9 
0.9176 

-1.9718E-10 
0.6893 

2.90592E-11 
0.9349 

1.27995E-11 
0.8852 

Average Labor 
Costs 

NO NO NO NO NO NO 

% Change in 
Manufacturing TVS 

-0.11132 
<.0001 

0.06806 
<.0001 

-0.00131 
0.8168 

-0.00011933 
0.0011 

0.00003442 
0.1928 

0.00003043 
<.0001 

Adjusted R2

 
0.0072 0.0028 0.0022 0.0050 0.0008 .0047 
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Table A.5: Estimations by the simple OLS regression model – 
Regression for the period 1976-1989 and after dropping the 
explanatory “average labor costs” 

 DEPENDENT VARIABLES 

Δ in skilled 
employment of 

remaining plants in 
industry 

SWIC 

Δ in skilled 
employment 

balance of arrivals 
and departures 

HWIC 

Δ in skilled 
employment balance 

of opening and 
closing plants in 

industry 

VHWIC 

Δ in total employment 
of remaining plants in 

industry 

SBIC 

Δ in employment 
balance of arrivals 
and departures in 

industry 

HBIC 

Δ in employment 
balance of opening and 
closing plants in industry

VHBIC 
EXPLANATORY 

VARIABLES 

(by industry in t-1) estimation 
Pr > |t| 

estimation 
Pr > |t| 

estimation 
Pr > |t| 

estimation 
Pr > |t| 

estimation 
Pr > |t| 

estimation 
Pr > |t| 

Region 2:  
 Midwest 

-0.00997 
0.0061 

0.00628 
0.05 

0.00415 
0.0051 

-0.00002265 
0.05 

0.000005 
0.59 

0.000005 
0.02 

Region 3:   
South 

-0.00973 
0.0082 

0.01071 
0.0011 

0.00423 
0.0048 

-0.00001 
0.33 

0.00001 
0.22 

0.0000007 
0.76 

Region4:   
West  

0.00353 
0.42 

0.00379 
0.33 

-0.00062 
0.73 

0.00002 
0.08 

0.00001 
0.19 

-0.000003 
0.29 

Export  
Intensity 

-1.4522 
0.79 

-10.99547 
0.03 

0.71135 
0.75 

-0.00912 
0.60 

-0.02709 
0.05 

0.01540 
<.0001 

Import 
Intensity  

2.80985 
0.0375 

1.17412 
0.3301 

-0.66762 
0.2256 

-0.00482 
0.26 

0.00144 
0.67 

-0.00134 
0.09 

Skill Intensity 
Ranking 

0.02762 
<.0001 

0.01643 
0.0002 

-0.00144 
0.4803 

0.00001 
0.41 

0.00002 
0.23 

0.000009 
0.002 

Industry’s Capital  
Intensity 

0.000006 
0.53 

-0.000001 
0.90 

-0.00001 
0.001 

-0.0000001 
<.0001 

-0.00000005 
0.02 

0.00000001 
0.07 

Average  
Plant Size 

-0.000005 
<.0001 

0.000002 
0.006 

0.000001 
0.0078 

-0.00000002 
<.0001 

0.000000007 
0.005 

-0.000000006 
<.0001 

Average Return on 
Capital  

-0.000003 
0.04 

0.0000006 
0.62 

0.0000004 
0.52 

-0.000000001 
0.81 

0.000000002 
0.61 

0.0000000002 
0.84 

Average Labor 
Costs  NO NO NO NO NO NO 

% Change in 
Manufacturing TVS 

-0.14803 
<.0001 

0.05139 
<0.0001 

0.03754 
<.0001 

-0.00016 
0.0004 

0.00004 
0.23 

0.00005 
<.0001 

Adjusted R2 0.0110 0.0022 0.0042 0.0061 0.0007 0.0091 
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