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1 IntroductionThere have been striking changes in the quantity and price of skilled labor relative to unskilledlabor over the postwar period. For education-based skill classi�cations, the quantity of skilled laborrelative to unskilled labor has increased considerably, and the skill premium, de�ned as the wageof skilled labor relative to unskilled labor, has grown signi�cantly since 1980. Perhaps the mostwidely studied question about these observations is: Why has the skill premium risen during aperiod of substantial growth in the relative supply of skilled labor? Many studies have found that itis di�cult to account for the increase in the skill premium on the basis of observable variables andhave concluded that latent skill-biased technological change is the main factor responsible for theincrease.1 However, there is no generally accepted, explicit economic mechanism for interpretingskill-biased technological change, nor are there any direct measures of the implicit trend growth inthis object.In this paper, we develop a theoretical framework that provides a simple, explicit economicmechanism for understanding the importance of skill-biased technological change in terms of ob-servable variables, and we use the framework to evaluate the fraction of historical variation in theskill premium that can be accounted for by changes in observed factor quantities and the fractionthat is due to unobserved variables. We conduct our analysis using a version of the neoclassicalgrowth model in which the key feature of the aggregate technology is capital-skill complementarity .In our framework, this means that the elasticity of substitution between capital equipment andunskilled labor is higher than that between capital equipment and skilled labor. An important im-plication of capital-skill complementarity is that growth in the stock of equipment tends to increasethe marginal product of skilled labor, but decreases the marginal product of unskilled labor. Wehypothesize that capital-skill complementarity may be important for understanding wage inequalitybecause the stock of equipment has been growing at about twice the rate of either capital structuresor consumption over much of the postwar period, and its relative price has been falling. Moreover,these trends have accelerated since the late 1970s, a period in which the skill premium has grownsubstantially. Thus, skill-biased technological change in our framework simply reects the rapidgrowth of the stock of capital equipment combined with the di�erent ways that equipment interactswith skilled and unskilled labor in the production technology.1



This hypothesis of capital-skill complementarity is formalized by Griliches (1969). To illus-trate how this mechanism can a�ect the skill premium, consider a three-factor production functionsimilar to one used by Stokey (1996) in a study of inequality and trade. Output is produced withcapital equipment (k); unskilled labor (u); and skilled labor (s): Equipment and unskilled labor areperfect substitutes and have unit elasticity of substitution with skilled labor (s):yt = f(kt; ut; st) = (kt + ut)�s1��t :The ratio of the marginal product of skilled labor to the marginal product of unskilled labor isfstfut = �1� �� � kt + utst :This example shows clearly that growth in the stock of equipment, ceteris paribus, will increase theskill premium, since increases in the capital stock increase the marginal product of skilled labor,but will decrease the marginal product of unskilled labor. This example also shows that, withcompetitive markets and a growing capital stock, increased wage inequality can be a consequenceof capital-skill complementarity.This example is qualitative. Our purpose, however, is to evaluate whether capital-skill com-plementarity has been a quantitatively important factor in accounting for changes in aggregate wageinequality over the last 30 years. To conduct our quantitative analysis, we use the basic frameworkof the neoclassical growth model. Given our focus on the connection between capital equipment andwage inequality, we must modify the standard two-factor (aggregate capital and aggregate labor)neoclassical aggregate production function. To do this, we develop a four-factor aggregate pro-duction function that explicitly distinguishes between capital equipment, capital structures, skilledlabor, and unskilled labor and that allows for di�erent elasticities of substitution between unskilledlabor and capital equipment and between skilled labor and capital equipment. With competitivemarkets, we can simply read factor prices o� the value of marginal product schedules of this aggre-gate production function, and we can then compare the skill premium in the model with the skillpremium in the data.The values of the production function parameters that govern the substitution elasticities2



between capital equipment and skilled labor and between capital equipment and unskilled laborare important elements of this quantitative analysis. We �rst review elasticity estimates from theexisting literature. Although there are no estimates of substitution elasticities between equipmentand skilled labor or between equipment and unskilled labor in the literature, there are estimatesfor these two elasticities using total capital (capital equipment plus structures). These estimatesare consistent with capital-skill complementarity. As a starting point for our quantitative analysis,we use these existing elasticity estimates based on total capital as proxies for the elasticities inour model involving equipment, and we compute the skill premium from our model. To assessthe importance of capital-skill complementarity, we compare the skill premium from this modelwith the skill premium from a version of our model with no capital-skill complementarity. Thiscomparison suggests that capital-skill complementarity is a key factor in understanding changes inwage inequality, as the model with capital-skill complementarity accounts for much of the historicalvariation in the skill premium, while the version without capital-skill complementarity predicts astrongly counterfactual 45 percent decline in the skill premium. We then extend the analysis byestimating the substitution elasticities directly and by evaluating the extent to which the estimatedproduction function is consistent not only with historical variation in the skill premium, but alsowith other important long-run growth observations. The elasticities that we estimate are very similarto those that we use from the literature.Our main �nding is that with capital-skill complementarity, changes in observed factor inputsalone can account for most of the variation in the skill premium over the last 30 years. During thisperiod, the skill premium has three distinct patterns: a modest increase in the 1960s, a decline overmuch of the 1970s, and a sharp increase after 1980. The prediction of our simple model with capital-skill complementarity, but no changes in unobserved variables, is consistent with these three keypatterns. We also �nd that our aggregate production function preserves the success of the standardtwo-factor neoclassical model in that it is consistent with the behavior of income shares and thereturns on capital over time. Since the introduction of capital-skill complementarity eliminates theimportance of unmeasured trend changes in accounting for the skill premium, we conclude thatcapital-skill complementarity is a reasonable, explicit economic mechanism for understanding thephenomenon of skill-biased technological change widely cited in the literature.The paper is organized as follows: In Section 2, we discuss the factor price and quantity3



data we use in the analysis. In Section 3 we present the basic model. In Section 4 we presentour quantitative analysis. In Section 5 we provide a summary and conclusion. We discuss theconstruction of the data and the econometric technique in the appendices.2 The DataHere, we summarize historical changes in the quantities and prices of capital equipment,structures, skilled labor input and unskilled labor input. We �rst document changes in prices andquantities of the two types of capital input. There are large di�erences in the growth rates of capitalequipment and capital structures. Based on the accounting in Gordon (1990) for increases in thee�ciency of new capital equipment, the stock of equipment grew at an average rate of about 6.2percent between 1954 and 1975.2 This growth rate increased after 1975, rising to about 7.5 percentper year. Structures, however, grew at a much slower rate between 1954 and 1994, with an averageannual increase of 3.2 percent per year. In contrast to the growth rate of equipment, the growthrate of structures slowed after 1975, falling to about 2.6 percent per year. These series are shownin Figure 1. There are also important di�erences in changes in the relative prices of equipment andstructures. Since 1954, the relative price of equipment (to consumption of nondurables and services)fell signi�cantly, declining at an average rate of about 4.5 percent per year, while the relative priceof structures (to consumption of nondurables and services) remained roughly constant over thisperiod. Figure 2 shows the decline in the ratio between the Gordon-based price index for capitalequipment and the price index for consumption of nondurables and services.3 The rate of decline inthe relative price of equipment accelerated after 1975, declining at a rate over 6 percent annually.We follow Greenwood, Hercowitz, and Krusell (1996) in interpreting this long-run decline in therelative price of capital as reecting technological change that is speci�c to the production of capitalequipment.The literature that has analyzed skilled and unskilled labor generally de�nes labor skill onthe basis of education. Many education measures show a strong secular increase in the quantity ofskilled labor relative to the quantity of unskilled labor. Figure 3 shows the ratio of (weighted) hoursworked of skilled to unskilled labor. Skilled labor is de�ned as requiring college completion or better(at least 16 years of school). The data are drawn from the Current Population Survey (CPS) over4



the 1963{92 period. (A detailed description of these data is in Appendix 1.) The principal featureof these data is a substantial increase in the ratio of skilled to unskilled labor input. This ratio risesby more than 100 percent.4 Despite the relative increase in the quantity of skilled labor, the wageof skilled labor relative to unskilled labor has increased. Figure 4 shows the three key patterns ofthe skill premium: a modest increase in the 1960s, a decline over much of the 1970s, and a sharpincrease after 1980. Overall, the skill premium increased about 18 percent over the period.Despite these strong trends in relative input levels and factor prices, the shares of incomeearned by aggregate capital and aggregate labor have been roughly constant. The aggregate laborshare of income is shown in Figure 5. It is de�ned as the ratio of labor income|de�ned as wages,salaries, and bene�ts|to the sum of labor income plus capital income|de�ned as depreciation,corporate pro�ts, net interest, and rental income of persons. The labor share of income averaged 71percent over the 1963{92 period, attaining a maximum of about 73 percent in 1970 and a minimumof about 69 percent in 1984.In addition to the quantities and prices of these four inputs, we �nd that the ratio of capitalequipment to skilled labor input is important in our analysis. As we discuss in the following section,this ratio a�ects the skill premium through capital-skill complementarity. Figure 6 presents theratio of equipment to skilled labor input. This ratio has grown consistently over the entire period,and its growth rate is somewhat higher in the latter part of the period.To summarize, the main descriptive features of these data are (1) rapid growth in the stock ofcapital equipment (and a corresponding fall in its relative price) with an acceleration in both trendsafter 1975, (2) a substantial increase in the relative quantity of skilled labor input, (3) a sharpincrease in the skill premium beginning in 1980, (4) an increase in the ratio of capital equipment toskilled labor input, and (5) relative constancy of aggregate income shares of capital and labor.3 The ModelWe can simplify our analysis considerably by abstracting from modeling the household sectorand focusing on just the aggregate production function. Our basic approach is as follows: Wedevelop a four-factor production function, and then we choose values for the production functionparameters. Given the time series of the quantities of the four inputs and the value of marginal5



product schedules from the production function, the model yields factor prices. We de�ne the skillpremium in our model as the ratio of the wage of skilled labor to the wage of unskilled labor perunit of work. Thus, we form the ratio of the marginal product of skilled labor to that of unskilledlabor from our model, and we can compare the skill premium predicted by the model with that inthe data.We construct our production function by modifying the standard two-factor (aggregate capi-tal and aggregate labor) neoclassical production function commonly used in macroeconomic analysis.There are two key di�erences between the standard production function and that developed here.One is that we include four factors of production: (1) skilled labor, (2) unskilled labor, (3) cap-ital equipment, and (4) capital structures. We explicitly distinguish between capital equipmentand structures because of the very di�erent growth rates of the quantities and relative prices ofthese variables summarized in the previous section. The other di�erence is that we allow for di�er-ent substitution possibilities between skilled labor and equipment and between unskilled labor andequipment.A A Two-Sector EconomySince we interpret the decline in the relative price of capital as equipment-speci�c technolog-ical change, we analyze an economy with two sectors: one produces consumption goods and capitalstructures and the other produces capital equipment. Output of these two sectors is given byct + xst = AtG(kcst; kcet; uct ; sct) (1)xet = qtAtG(kest; keet; uet ; set) (2)where ct is consumption, xst is investment in structures, and xet is output of the equipment sector.The superscripts of the input variables denote the sector in which they are used: c for consumptionand structures, e for equipment. Services of capital structures and equipment, kst and ket, areassumed to be proportional to their respective stocks, which are measured in e�ciency units. Thereare two types of labor input, ut and st, where ut is unskilled labor and st is skilled labor, again, bothmeasured in e�ciency units. There is a common, or neutral, technology factor, At, and another6



technology factor, qt, which is speci�c to the capital equipment sector. The function G is commonto both sectors and is homogeneous of degree one. These properties guarantee that under perfectcompetition in factor markets, pro�t-maximizing �rms will allocate the inputs so that input ratioswill be equalized across both sectors. Therefore, the equilibrium relative price between consumptionand equipment will equal qt at each point in time.5 This allows us to aggregate the sectors by de�ningtotal output, yt, in consumption units, asyt = ct + xst + xetqt = AtG(kst; ket; ut; st) (3)where the inputs are now de�ned as the sum of the inputs in each of the two sectors. The evolutionof the two stocks of capital is standard, although we allow for type-speci�c depreciation rates:ks;t+1 = (1� �s)kst + xst (4)ke;t+1 = (1� �e)ket + xet: (5)B A Functional Form for the Aggregate Production FunctionTo conduct our analysis, we must choose a functional form for the production function. Ourobjective is to work with a parsimoniously parameterized function in the four inputs: s, u, ke,and ks. Translog production functions o�er considerable exibility, but involve a large number ofparameters. Since the CPS data we use to construct skilled and unskilled labor input are annualand begin in 1963, it would be di�cult to estimate a translog function. Therefore, we restrict ourattention to the class of constant elasticity of substitution (CES) production technologies. Thistype of production function is tractable, involves considerably fewer parameters than the translogfunction, is characterized by elasticities of substitution that are constant, and provides a relativelysimple speci�cation that allows us to evaluate the role of capital-skill complementarity in accountingfor changes in the skill premium in a transparent way.We simplify the production function by assuming that it is Cobb-Douglas over capital struc-tures and a CES aggregate of the three remaining inputs and that the remaining inputs are nestedin a general CES form. Thus, y = k�s ~y1��, where ~y is a constant returns to scale CES aggregate of7



u, ks, and ke.There are three ways of nesting these inputs within a CES function. Each nesting allowstwo elasticities of substitution to be di�erent, but restricts the third elasticity by the symmetryof the CES aggregator. The �rst nesting is ~y = �1 (ke;�2(s; u)), where �1 and �2 are di�erentCES functions. This formulation, which is used in Katz and Murphy (1992), does not allow forcapital-skill complementarity, because it restricts the elasticity of substitution between ke and ube the same as that between ke and s. The other two possible nestings do allow for capital-skillcomplementarity. They are ~y = �1 (s;�2(ke; u)) and ~y = �1 (u;�2(s; ke)). The �rst of thesetwo speci�cations restricts the elasticity of substitution between s and ke to be the same as thatbetween s and u. However, this restriction is a shortcoming of the �rst speci�cation, since theliterature on factor elasticities suggests that the elasticity of substitution between skilled labor andunskilled labor is higher than the elasticity of substitution between skilled labor and capital. (SeeHamermesh (1993)). Perhaps not surprisingly, we also �nd that this �rst speci�cation is not asconsistent with the data as the second speci�cation. Therefore, we use the second speci�cation inour analysis.6 This speci�cation is given byG(kst; ket; ut; st) = k�st h�u�t + (1� �) (�k�et + (1� �) s�t )�� i 1��� : (6)In this speci�cation, � and � are share parameters and � and � govern the elasticity of substitutionbetween unskilled labor, capital equipment, and skilled labor. This nested production function alsohas a symmetry property: the elasticity of substitution between equipment and unskilled labor isthe same as that between skilled labor and unskilled labor. In the next section, we show that for theparameter values we ultimately choose that this symmetry property does not restrict any elasticitiesto be at variance with estimates from the literature. Note that this in contrast to the symmetryrestriction embedded in the other nesting described above. With this formulation, the elasticityof substitution between equipment (or skilled labor) and unskilled labor is 11�� , and the elasticityof substitution between equipment and skilled labor is 11�� . The case in which capital is morecomplementary with skilled labor than with unskilled labor corresponds to � > �.7 To maintainstrict quasi-concavity of the production function, both � and � are restricted to lie in (�1; 1). Ifeither � or � equals zero, the corresponding nesting is Cobb-Douglas. Values of � or � greater than8



zero indicate greater substitutability than in the Cobb-Douglas case.The labor input of each type is measured in e�ciency units: each input type is a product ofthe raw number of labor hours and an e�ciency index. In particular, st �  sthst and ut �  uthut,where hit is the number of hours worked and  it is the (unmeasured) quality per hour of typei at date t. It is clear that  i can be given di�erent interpretations: it can be human capital,accumulated by the agent, or it can represent a skill-speci�c technology level, which may have comeabout by research and development. In the absence of direct measures of labor quality for each skilllevel, these two interpretations cannot be distinguished. In the following section, we discuss theexact speci�cation of this unobserved term.C The Skill Premium From the ModelFollowing the literature in this area, we de�ne the skill premium, �; as the ratio of skilledlabor wages to unskilled labor wages. Our modi�cation of the standard neoclassical productionfunction has a number of interesting implications for the skill premium. Given our assumption thatfactor prices are equal to marginal products per unit of work, the skill premium can be expressedas a function of input ratios:�t = (1� �)(1� �)� ���ketst �� + (1� �)����� �huthst�1�� � st ut�� : (7)The e�ects of input ratios are important, since these ratios show signi�cant trends over the postwarperiod. One e�ect of capital-skill complementarity on the skill premium can be seen in the �rst ratioin the expression. When the quantities of the two types of labor inputs are held �xed, the changein the skill premium in response to an increase in the amount of equipment is positive if and onlyif � > �. This implies that an increase in the stock of equipment, ceteris paribus, will increase theskill premium only if the elasticity of substitution between equipment and unskilled labor is higherthan that between equipment and skilled labor. Another important e�ect is that for all admissibleparameter values, the skill premium is increasing in the ratio of unskilled to skilled labor hours.To further illustrate the implications of this model for the skill premium, we log-linearize theexpressions and decompose the log of the skill premium into three components that have speci�c9



economic interpretations. Log-linearizing equation (7) and omitting the constant term yieldsln �t ' �� � �� �ketst �� + (1� �) ln�huthst �+ � ln� st ut� :After di�erentiating this expression with respect to time and denoting the growth rate of variablex by gx, we obtain, after some algebra,8g�t ' (1� �) (ghut � ghst) + � (g st � g ut) (8)+ (� � �)��ketst �� (gket � ghst � g st) :Equation (8) is an important object, since it provides a simple way of using our model to understandhow changes in the growth rates of inputs separately a�ect the growth rate of the skill premiumat any point in time. This allows us to isolate the e�ect of capital-skill complementarity on theskill premium from two other components which are important elements in other studies of the skillpremium. The �rst component, (1 � �) (ghut � ghst) ; depends on the growth rate of skilled laborinput relative to the growth rate of unskilled labor input. Following the literature, we call thiscomponent the relative quantity e�ect. Since � < 1, faster growth of unskilled labor than of skilledlabor increases the skill premium.The second component, � (g st � g ut), involves the growth of skilled labor e�ciency relativeto that of unskilled labor e�ciency. We call this component the relative e�ciency e�ect. The e�ectof a relative increase in the growth rate of skilled labor e�ciency on the skill premium dependson �; which governs the substitution elasticity between the two labor inputs. If the elasticity ofsubstitution between skilled and unskilled labor is greater than one, a relative improvement in thequality of skilled labor increases the skill premium. However, if there is su�cient complementaritybetween skilled and unskilled labor, a relative improvement in the e�ciency of skilled labor leads toa relative increase in the marginal product of unskilled labor, which results in a decline in the skillpremium.The third component, (� � �)� �ketst �� (gket � ghst � g st) , is the capital-skill complementar-ity e�ect. This component depends on two factors: the growth rate of equipment relative to thegrowth rates of skilled and unskilled labor input, and the ratio of capital equipment to e�ciency10



units of skilled labor input. If � > �, skilled labor is more complementary with equipment than isunskilled labor. In this case, faster growth in equipment tends to increase the skill premium as itincreases the relative demand for skilled labor. To illustrate the e�ect of �ketst ��on the skill premium,assume that the equipment growth rate exceeds the growth rate of e�ciency units of skilled labor.With these assumptions, the growth rate of the skill premium increases over time if � > 0 (moresubstitutable than Cobb-Douglas) but decreases if � < 0: With � < 0, the share of income paid toequipment relative to the share paid to skilled labor goes to zero in the limit and, as a result, incomeis divided solely between skilled and unskilled labor. Since the share of income paid to skilled laboris bounded at one, the growth rate of the skill premium is bounded. This is because the wage growthof skilled labor in this limiting case equals growth in total output less growth in skilled labor input.Thus, the e�ect of this ratio on the growth rate of the skill premium depends on the shape of theisoquants of the technology.94 Quantitative AnalysisA An Initial Analysis of the Importance of Capital-Skill ComplementarityWith values for the parameters of the production function, we can use equation (8) to assessquantitatively how the skill premium has been a�ected by capital-skill complementarity and bythe other two factors derived in the previous section. In this section, we present results from twoexperiments designed to provide an initial quantitative evaluation of the importance of capital-skillcomplementarity in accounting for changes in wage inequality. In these experiments we comparethe actual skill premium in the data to the skill premium in the model for particular values of theproduction function parameters. To focus on the extent to which observable variables can accountfor changes in the skill premium, we restrict the unmeasured quality of the two types of labor ( uand  s) to be constant in these two experiments.In the �rst experiment, we use our model to answer the following question: What would havehappened to the skill premium between 1963 and 1993 if there were no capital-skill complementarityand no changes in unmeasured labor quality? Thus, this experiment consists of restricting thesubstitution elasticities between unskilled labor and capital and between skilled labor and capitalto be the same. By abstracting from capital-skill complementarity and from unmeasured changes11



in labor quality, this experiment isolates the e�ects of changes in the relative quantities of the twotypes of labor on the skill premium. For this �rst experiment, we work with the following simpli�edversion of our production function:G(kt; ut; st) = k�et [�( uhut)� + (1� �) ( shst)�]1��� :To conduct this experiment, it is necessary to choose values for the production function parameters.The parameter � does not appear in the skill premium expression, and since unmeasured laborquality is assumed to be constant, the terms  u and  s can be normalized to one. Therefore, weneed to assign values to two parameters: the share parameter � and the curvature parameter �: We�x the parameter � such that the average share of labor income paid to skilled labor in the modelis equal to that in the data. The parameter � governs the elasticity of substitution between the twotypes of labor. We set this parameter equal to 13 , which yields an elasticity of substitution betweenunskilled labor and skilled labor of 1.5, which is consistent with estimates reported in the literature.(See Johnson (1997).)The skill premium predicted by this version of our production function is presented in Figure7. The large increase in the stock of skilled labor results in a monotonic decline in the skill premiumof about 45 percent over the sample. This prediction from this version of the model obviouslystands in sharp contrast to the actual skill premium. Clearly, if changes in observable variables areto account for observed changes in wage inequality in our model, it must be through the mechanismof capital-skill complementarity. Moreover, if the model is to be successful, this mechanism mustnot only o�set the substantial negative trend in the skill premium produced by the relative increasein skilled labor, but also capture three other important features of the data: the modest increasein the premium during the 1960s, the decline over much of the 1970s, and the sharp increase after1980. To provide an initial assessment of the implications of capital-skill complementarity for theskill premium, we conduct a second experiment in which the elasticity of substitution in our modelbetween unskilled labor and equipment is higher than that between skilled labor and equipment. Wecontinue to focus on the e�ects of observable variables on the skill premium, and therefore maintainthe restriction that unmeasured labor quality of the two types is constant ( ut =  u and  st =  s).To conduct this second experiment, we need to choose values for the two key curvature12



parameters f�; �g as well as for the share parameters f�; �g: One strategy for choosing values forthe curvature parameters would be to use existing estimates of substitution elasticities. However,existing estimates of substitution elasticities between di�erent types of labor and capital are based onmeasures of total capital, while in our model, the mechanism of capital-skill complementarity worksthrough capital equipment.10 For this experiment, we use estimates of substitution elasticities fromthe literature to parameterize our model, and we treat these estimates from the literature as plausiblevalues that make for a good starting point in our analysis. Our objective is to determine whethercapital-skill complementarity appears to be quantitatively important for understanding variationsin the skill premium based on substitution elasticities broadly in line with existing estimates.In the second experiment we use the production function nesting given in equation (6). Wechoose values for the curvature parameters that govern the substitution elasticities. To do this, wereview the existing literature. A number of studies have estimated elasticities of substitution betweencapital and skilled labor and between capital and unskilled labor. These studies di�er accordingto the choice of functional form, estimation technique, and data. Several studies are summarizedby Hamermesh (1993). Many of the studies, including work by Rosen (1968) , Griliches (1969),Berndt and Christensen (1974), Fallon and Layard (1975), Denny and Fuss (1977), and Brownand Christensen (1981), report evidence consistent with capital-skill complementarity in that theestimated elasticity of substitution between unskilled labor and capital is greater than that betweenskilled labor and capital. Many of the estimates of the elasticity of substitution between unskilledlabor and capital in the literature are between 0.5 and 3, while most of the estimates of the elasticityof substitution between skilled labor and capital are less than 1.2, and several are near 0. Basedon these estimates, we choose an elasticity of substitution between unskilled labor and equipmentof 1.5, which implies that � = 0:33. By symmetry, note that the elasticity of substitution betweenskilled labor and unskilled labor is also 1.5, which is consistent with the evidence summarized byJohnson (1997). We choose an elasticity of substitution between skilled labor and capital of 0.6,which implies that � = �0:67. Thus, we choose a parameterization for this experiment that isa fairly moderate departure from the Cobb-Douglas speci�cation (� = � = 0) of unit elasticitiesacross all factors of production. We choose the share parameters f�; �g to match two statistics: theaverage (total) labor share of income over the period and the average ratio of skilled labor's share ofincome to unskilled labor's share of income. Finally, we require an estimate of �, structures' share13



of income. Following Greenwood, Hercowitz, and Krusell (1996), we set � to 0.13.The skill premium from this version of our model is shown in Figure 8, along with the actualskill premium. Clearly, the skill premium from the model with capital-skill complementarity standsin very sharp contrast to that from the model with identical elasticities of substitution shown inFigure 7. The introduction of capital-skill complementarity not only o�sets the large decline in thepremium generated by the large increase in the quantity of skilled workers, but it also capturesthe three main features of the skill premium over this 30-year period: the modest increase in the1960s, the decline over much of the 1970s, and the sharp increase after 1980. The main conclusionwe draw from these two experiments is that changes in observable variables, operating through themechanism of capital-skill complementarity, can account for a signi�cant fraction of the variation inthe skill premium.In the next section, we extend our analysis by asking whether our production function withcapital-skill complementarity can account for historical variations in wage inequality while maintain-ing consistency with other important U.S. growth observations: the relative constancy of aggregatelabor's share of income over time and a trendless rate of return on physical capital, with an averagerate of return in the model near the average in the data. We include these observations in our analy-sis because they are frequently used to calibrate aggregate production functions in macroeconomics.(See, for example, Prescott (1986).) To conduct this extended analysis, we choose parameter valuesby estimating them using the �rst-order conditions of a pro�t-maximizing �rm. This facilitates theanalysis of the model along these other dimensions and allows us to explore possible connectionsbetween capital-skill complementarity and the importance of unmeasured trends in accounting forthe skill premium reported in the literature.B An Extended the AnalysisThe �ndings in the previous section indicate that capital-skill complementarity, with moder-ate di�erences in substitution elasticities between skilled labor and equipment and between unskilledlabor and equipment, seems to be quantitatively important for understanding uctuations in wageinequality over the last 30 years. However, the initial analysis focuses solely on the model's abilityto account for wage inequality, and not other growth observations. In addition, the elasticities wechose for the previous exercises are based on measures of total capital, rather than capital equipment,14



which is the key measure of capital in our model. In this section, we develop an alternative methodof choosing parameter values by estimating them from a representative �rm's pro�t-maximizationconditions.The ideal way to obtain estimates of all the production function parameters would be toembed our production function in a fully speci�ed, dynamic general equilibrium model in which thedecisions for consuming, saving, choosing working hours, and becoming skilled versus unskilled areexplicitly determined. Given a stochastic speci�cation of the production function, these decisionrules could be used in estimating the model parameters. Unfortunately, this type of analysis is muchless tractable, largely because we would need to keep track of the entire distribution of the di�erenttypes of labor. Since much of the di�culty in conducting the full general equilibrium analysis is dueto the explicit modeling of household decisions, we abstract from the household side of the modeland estimate the production function parameters directly.We next describe the stochastic speci�cation of the production function, and then describethe maximum-likelihood method used to estimate the parameters. Our general approach is to use thepro�t-maximization conditions of a �rm hiring inputs in perfectly competitive factor markets. Sincewe have consistent time series data on skilled and unskilled labor input and their respective wages,we are able to use the �rst-order conditions for hiring skilled and unskilled labor in the estimation.Unfortunately, we do not have data on rental prices of capital equipment and structures, whichprevents us from using the �rst-order conditions for hiring these factors. Instead, we develop a proxyfor these unobservable rental prices by equating the ex ante net return on equipment investment tothe ex ante net return on structures investment. The equations used in the estimation are discussedin detail below.C Stochastic Speci�cation of the Production FunctionTo estimate the model parameters, we must specify a stochastic version of our model. Weassume that the e�ciency factors of the two types of labor are random variables and that thesevariables are unobserved by the econometrician.11 We also assume that the relative price of capitalequipment is a random variable, which allows us to specify our proxy condition for unobservabilityof rental prices of equipment and structures.Following the analysis of the previous section, we will continue to focus our investigation on15



the extent to which changes in observable variables can account for uctuations in the skill premium.Thus, our benchmark speci�cation will continue to be the model with no variation in labor qualityof the two types. To help interpret some interesting �ndings reported by Katz and Murphy (1992),we will also conduct some analyses in which we allow for trend di�erences in unmeasured laborquality of the two types. To facilitate a comparison with the model in Katz and Murphy (1992), wespecify the stochastic process governing labor quality of the two types as the following simple trendstationary process (in logs): 't � log ( t) ; 't = '0 + t+ !t (9)where 't is a (2� 1) vector of (logged) labor quality of the two types, '0 is a (2 � 1) vector ofconstants specifying the value of the e�ciency factors at the beginning of the sample,  is a (2� 1)vector of growth rates of the two types of labor quality, and !t is a vector shock process whichwe assume is multivariate normal and is i.i.d. with covariance matrix 
: !t i:i:d:� N(0;
): The i.i.d.assumption simpli�es parameter estimation considerably.12We use three structural equations to estimate the model parameters. The three equationsare as follows: wsthst + wuthutYt = lsht( t; Xt;�) (10)wsthstwuthut = wbrt( t; Xt;�) (11)(1� �s) +At+1Gks( t+1; Xt+1;�) = Et� qtqt+1� (1� �e) + qtAt+1Gke( t+1; Xt+1;�): (12)Equations (10) and (11) are based on income shares implied by the �rm's �rst-order conditions forhiring skilled and unskilled labor. These equations are similar to those used by Griliches (1969) inhis initial study of capital-skill complementarity. Moreover, the approach of using income sharesto help choose production function parameter values is also standard in the equilibrium businesscycle and growth literature. (See, for example, Prescott (1986).) Equation (10) speci�es that thetotal share of labor income in the model (lsht), as de�ned using the marginal products from theproduction function, equals the aggregate labor share of income in the data. In this equation, thedata for the left side of the equation are the ratio of labor income|de�ned as wages, salaries, and16



bene�ts|to the sum of labor and capital income|de�ned as depreciation, corporate pro�ts, netinterest, and rental income of persons. These de�nitions for labor and capital income are the sameas those used in Cooley (1995). Equation (11) requires that the skilled labor share of income relativeto the unskilled labor share of income in the data be equal to the corresponding production functionobject, which we denote wbrt. This condition for the wage-bill ratio also follows from the �rm'spro�t-maximizing decision in hiring skilled and unskilled labor.Equation (12) develops a proxy for the unobservable rental rates of equipment and structures.We construct this proxy by equating the expected net rate of return on investment in structureswith that on investment in equipment. This provides a simple way of ensuring that di�erences inrates of return are not implausibly large. The left side of this equation is the date t + 1 rate ofreturn on structures investment. This is equal to the sum of two components: (1) the marginalproduct of structures At+1Gks( t+1; Xt+1;�); where Gks is the partial derivative of the productionfunction with respect to structures, and (2) undepreciated capital structures (1� �s) : The rightside of the equation is the expected date t + 1 rate of return on equipment investment. Thisalso is equal to the sum of two components: (1) the marginal product of equipment investmentqtAt+1Gke( t+1; Xt+1;�); where Gke is the partial derivative of the production function with respectto equipment, and (2) undepreciated capital equipment multiplied by the expected rate of change inthe relative price of capital Et � qtqt+1� (1� �e) : Since the price of capital equipment tends to fall overtime, the term Et � qtqt+1� is interpreted as the expected capital loss on undepreciated equipment.The vector � contains the parameters f�s; �e; �; �; �; �; �; �"; ;
g (�" will be de�ned below), andXt is the set of inputs fkst; ket; hst; hutg. In this equation, we assume that there is no risk premium,which allows us to abstract from the covariance between consumption and returns in the estimationprocedure. We also assume that the tax treatments13 of these two types of investment are identical.14 The �nal simplifying assumption we make is to substitute the �rst term on the right side ofthe equation with (1� �e) qt=qt+1 + "t, where "t is the i.i.d. forecast error, which is assumed to benormally distributed: " � N(0; �").15 17



D Estimation TechniqueBecause of the latent quality indicators of the two types of labor input, the model is anonlinear state-space structure of the following form:measurement equations: Zt = f(Xt;  t;�) + "tstate equations: 't = '0 + t+ !twhere the function f(�) contains the three nonlinear observational equations|the rate of returnequality condition and the two share equations|that are obtained as restrictions from our model.The income shares and the rate of return di�erence are contained in the (3� 1) vector Zt, Xt is theset of inputs described above,  t is the (2� 1) vector of unobservable e�ciency factors in which thelogs evolve according to the process speci�ed in the state equation, and "t and !t are, respectively,(3� 1) and (2 � 1) vectors of i.i.d. normally distributed random disturbances with mean zero andcovariance matrices de�ned in the previous section. 16This model is not straightforward to estimate because of the latent nature of  t and thenonlinearity of f(�). Indicating with superscript T the vector of observations, we can write thejoint probability distribution function (p.d.f.) of our model as  �ZT ;  T jXT ; ��. Because  T islatent, we can only observe  �ZT jXT ; ��. Therefore, in the structural estimation, we must collapsethe �rst p.d.f. into the second to map the model into the data. The source of the di�culties inthis operation originates exactly from the joint presence of the nonlinearity of the measurementequations and the stochastic latent variables. This joint di�culty prevents us from using standardKalman �ltering methods. Instead, we use simulation techniques to estimate the parameters of themodel.In a companion paper (Ohanian, Violante, Krusell, and R��os-Rull (1996)), we analyze indetail the econometric issues associated with the speci�cation and estimation of our model andcompare the performance of di�erent simulation-based estimation methods. This analysis focuseson the performance of di�erent techniques in small samples with trending variables. The conclusionof this Monte Carlo study is that when the unobservable variables are speci�ed as a trend stationaryGaussian multivariate process, a simulated pseudo maximum likelihood estimation (SPMLE) basedon the �rst and the second moments is computationally e�cient and produces parameter estimates18



in samples of size 30 with negligible bias. Based on these �ndings, we adopt this technique forestimating the parameters of the model. In Appendix 3, we describe briey the general method ofSPMLE and discuss its properties.In this application, we use a two-step version of SPMLE as suggested by White (1994). Thisversion of SPMLE is useful when some of the variables are potentially endogenous. In our analysis,we treat the date t stocks of capital equipment and capital structures as predetermined, but weallow for the possibility that date t values of skilled and unskilled labor input may respond to datet realizations of the shocks to technology or to labor quality. The two-step procedure we use takesinto account this potential endogeneity along the lines of other two-step estimators, such as two-stage least squares. In the �rst step of the two-step SPMLE, skilled and unskilled labor input areprojected onto exogenous variables. In the second step, the �tted values of these two series are usedin SPMLE. Details of the estimation are described in Appendix 3.The parameter vector � has a dimension of 15. We reduce the number of parameters thatwe estimate by calibrating some of the parameters and imposing some restrictions. One restrictionis that the shocks to the log of skilled and unskilled labor e�ciency are uncorrelated and have thesame standard deviation. This implies that we can rewrite the covariance matrix 
 = �2!I2, whereI2 is the (2� 2) identity matrix and �2! is the common innovation variance. Other restrictions arerequired to set the scale, or the level, of our model. In the measurement equations, a number ofparameters can act as scaling factors: 's0; 'u0; �, and �. It turns out that one of these parametersmust be �xed. We choose to �x a priori the initial level of skilled labor e�ciency 's0. Note thatthis restriction is simply a normalization. We also are able to calibrate some of the parameters.We follow Greenwood, Hercowitz, and Krusell (1996) in choosing values for the depreciation ratesof structures and equipment: �s and �e. In addition, we estimate a time series (ARIMA) modelfor the relative price of equipment, qt, and use the estimated innovation variance as the varianceof the one-step forecast error for the relative price. The values for these calibrated parameters arepresented in Table 1.17 Table 1: Calibrated Parameters�s �e �2"0.05 0.125 0.0219



The remaining parameters to be estimated are the key curvature parameter �, which indexesthe elasticity of substitution between unskilled labor and equipment ( 11�� ), and the other key curva-ture parameter �, which indexes the elasticity of substitution between skilled labor and equipment( 11��); u and s, the growth rates of unskilled and skilled labor e�ciency; �, structures' share ofincome, � and �, the weights in the CES nestings of the production function;  u0, the initial valuefor unskilled labor e�ciency, and �2!, the variance of both labor e�ciency factors.E Findings From the Estimated ModelWe �rst estimate the benchmark model, in which skilled labor requires at least four yearsof college and in which there are no trend changes in unmeasured labor quality. We estimate themodel from 1963 to 1992 using the time series on labor input, wages, capital, and the relative priceof capital. Table 2 shows the two-step SPML estimates and the asymptotic standard errors for theparameters of interest. The estimation is based on 500 simulations (S = 500), and standard errorsare computed as described in Appendix 3.Table 2: Two-Step SPML Parameter Estimates|Benchmark Model� � � �2!0.401 �0:495 0.117 0.043(0.049) (0.169) (0.003) (0.003)Table 3: Elasticities of Substitution|Benchmark ModelUnskilled Labor{Equipment � 11��� 1.67Skilled Labor{Equipment � 11��� 0.67These estimates are consistent with the basic theory of capital-skill complementarity and,in fact, are quite similar to the parameter values used in our second experiment in Section A. Inparticular, we chose � = 0:33 in our second experiment (a substitution elasticity between unskilledlabor and equipment of 1.50), compared with the SPML estimate of � = 0:40 (a substitutionelasticity between unskilled labor and equipment of 1.67).18 Similarly, we chose � = �0:67 in oursecond experiment (a substitution elasticity between skilled labor and equipment of 0.6), compared20



with the SPML estimate of � = �0:50 (a substitution elasticity of 0.67). It is also interesting tonote that our estimate of the capital structures' share of income (�), which is about 12 percent, isvery close to the 13 percent share calibrated by Greenwood, Hercowitz, and Krusell (1996). Figure9 shows the behavior of our model relative to the data we used in the estimation. These datainclude (1) ex post rates of return on equipment and structures computed from our model (upperleft panel), (2) aggregate labor's share of income in the model and in the data (lower left panel),and (3) the share of labor income paid to skilled labor in the model and in the data, that is thewage bill ratio (upper right panel). Recall that the production function parameters were chosen tominimize the distance between these objects and the data.19 The model statistics shown in this�gure are produced with the i.i.d. shocks to both types of labor quality set to zero for every date.Consequently, uctuations in model-generated data are entirely due to changes in observable inputs.We �nd that the behavior of the estimated model is broadly consistent with the actual data.The model is able to capture the behavior of the relative income shares of skilled and unskilledlabor (the wage bill ratio) very closely, as it reproduces the sharp, steady increase over this 30-year period. The model is also consistent with the relative constancy of aggregate labor's shareof income. The actual share data uctuate modestly over the sample, ranging between 0.69 and0.73. This limited variability of income shares in the data has led some economists to concludethat the aggregate production function is well approximated by a Cobb-Douglas function, since thistechnology restricts factor shares to be constant. (See, for example, Prescott (1986)). In comparisonwith the actual data, aggregate labor's income share in our model is smoother, uctuating between0.70 and 0.71. This �nding is very interesting, since the nested CES production function we use,unlike the Cobb-Douglas technology, places no restrictions on the behavior of income shares overtime and, in fact, can produce large uctuations in income shares. The ex post rate of returnon structures computed from our model averages about 4 percent and varies modestly between 3percent and 5 percent. The ex post rate of return on equipment is more volatile than on structures,and this volatility is due to unexpected uctuations in the relative price of equipment. For example,the ex post return on equipment in 1974 is about 17 percent, which reects a very large unexpectedincrease in the price of equipment, while the near-zero rate of return on equipment in 1984 reectsa larger-than-expected decline in the relative price.20 The average rate of return on equipment inthe model averages about 6 percent, compared with 4 percent on structures. This higher average is21



largely due to a few high returns in the late 1960s and early 1970s and to the very large outlier in1974. It is important to note that the average levels of the rates of return on both types of capitalare reasonable, despite the fact that neither our production function nor the estimation strategyplaces any restriction on the levels of these rates of return. Thus, an interesting �nding is that ourestimated production function produces sensible average rates of return on physical capital withoutexplicit restrictions that impose this result.21The skill premium predicted by the estimated model is presented in the lower right panelof Figure 9. We continue to �nd that the skill premium generated from the benchmark modelis consistent with historical movements in the skill premium in the data. The model capturesthe three main changes in the skill premium that occurred over this 30-year period: The modelcorrectly predicts an increase in the skill premium in the 1960s, it is consistent with the declinein the skill premium during the 1970s, and it also predicts the sharp increase in the skill premiumthat occurred after 1980. Thus, we �nd that our benchmark model, driven entirely by observablevariables, not only can account for historical variation in the skill premium inequality over thesample, but also is consistent with the behavior of aggregate income shares of labor and capital overtime, is consistent with the relative income shares earned by skilled and unskilled labor over time,and produces reasonable rates of return on physical capital.We now draw a connection between our analysis, which focuses on the importance of capital-skill complementarity in accounting for changes in the skill premium, and other papers that haveconcluded that a key factor responsible for the increase in the skill premium is an unmeasured trendor another low-frequency component. Many economists (for example, Bound and Johnson (1992))have de�ned this trend component as a skill-biased technological change that has shifted the demandfor skilled labor. The quantitative importance of a trend component is reported in important workby Katz and Murphy (1992). They �nd that a simple supply-demand model specifying the log ofthe skill premium as a function of a linear time trend, which represents a relative demand shifterfor skilled labor, and the log of the ratio of unskilled to skilled labor input can account for much ofthe variation in the skill premium over time. They estimate their equation using OLS and reportthe following coe�cient estimates: 22



log �t = 0:709 log�huthst �+ 0:033t: (13)Given the log-linear speci�cation of this equation, the coe�cient on the time trend means that theskill premium grows 3.3 percent each year, ceteris paribus. Consequently, the total contribution ofthe time trend over this 30-year period is to have increased the skill premium about 165 percent.While it has become common to call the trend e�ect skill-biased technological change, the expliciteconomic mechanism responsible for this large trend in the skill premium remains unspeci�ed inthe literature. We use our framework to provide one interpretation of the trend term in the Katz-Murphy model, measure the magnitude of the trend e�ect in terms of objects in our model, anddiscuss the extent to which the trend term may be serving as a proxy for omitted capital-skillcomplementarity e�ects.The Katz-Murphy model for the log of the skill premium can be derived from our model withequal elasticities of substitution between skilled labor and capital and between unskilled labor andcapital (no capital-skill complementarity) and trend di�erences in the growth of labor quality. Toillustrate this, consider the following version of our production function:yt = Atk�t (�s�t + (1� �)u�t )1��� (14)where kt is the sum of capital structures and capital equipment.When we omit the constant term, the log of the skill premium for this production functionis simply log �t = (1� �) log�huthst�+ � log� st ut� :Given our speci�cation for the log of labor quality,'t � log ( t) ; 't = '0 + t+ !t;  = 264 su 375 : (15)When we omit the constant and the disturbance term, the log of the skill premium in this versionof our model is 23



log �t = (1� �)�huthst �+ �(s � u)t: (16)Comparing the log of the skill premium from our model with no capital-skill complementarityto the Katz and Murphy (1992) regression indicates that the coe�cient on the time trend in theKatz-Murphy model can be interpreted as the product of �; the curvature parameter governing theelasticity of substitution between skilled and unskilled labor and the di�erence in the trend growthrates of skilled and unskilled labor quality, (s � u): The implied estimates are shown in Table 4.Based on the Katz-Murphy OLS estimates, the implied annual growth rate of skilled labor qualityis more than 11 percentage points higher than that of unskilled labor quality. This implies thatskilled labor quality has increased by a factor of about 30 relative to unskilled labor quality over this30-year period. Thus, this analysis suggests that a large di�erence in the growth of relative laborquality over time is required to account for the skill premium in our model without capital-skillcomplementarity.Table 4: Implied Parameter Values From the Katz-Murphy Regression� s � uEstimate 0.291 0.114The data constructed by Katz and Murphy (1992) for skilled and unskilled labor di�ers somewhatfrom ours, since their analysis focuses on the di�erence between college and high school graduates.Therefore, we also estimate the parameters of this version of our model. To keep the comparison asclose as possible, we follow Katz and Murphy (1992) and report coe�cient estimates using OLS22.We use only the equation involving the wage-bill ratio, since the Cobb-Douglas form generatesa constant labor share of income (�) that we set to the sample average (0:705). Since only thedi�erence in trends is identi�ed in the Katz-Murphy model, we normalize trend growth in unskilledlabor quality to zero, and we estimate only the trend coe�cient on skilled labor quality. 23 OLSyields the following coe�cient estimates:24Table 5: Two-Step SPML Parameter Estimates|Model With Equal Elasticities� s � uEstimate 0.210 0.09424



Our estimates of the parameters are quite similar to the implied estimates from the Katzand Murphy (1992) regression coe�cients and, in particular, con�rm that a substantial di�erencein the growth rates of skilled and unskilled labor quality is required to �t the data in the absence ofcapital-skill complementarity. The behavior of this version of our model is shown in Figure 10. Acomparison of the results from our benchmark model (capital-skill complementarity and no trendchanges in labor quality) with this version of our model (no capital-skill complementarity and largetrend di�erences in relative labor quality growth) suggests that both versions can account for mostof the variation in the skill premium. The Katz-Murphy analysis showed how a trend, or otherlow frequency component is important in accounting for the increase in the skill premium. Theiranalysis has also led researchers to (1) try to understand the explicit economic mechanism behindthis unobserved trend, and (2) measure the changes in the data that are relevant for this mechanism.We therefore argue that our version of the model without capital-skill complementarity is notvery useful along these two dimensions. One key shortcoming of this version is that the fundamentaleconomic factors driving the di�erence in trend growth of labor quality are unspeci�ed. Conse-quently, our level of understanding changes in the skill premium is limited. The other shortcomingis that not only does the di�erence between the growth rates of labor quality seem implausiblylarge, but these objects are inherently di�cult to measure. Our benchmark model, however, makesconsiderable progess along these dimensions. It provides an explicit and simple economic mecha-nism for understanding variation in the skill premium on the basis of observable variables, and itidenti�es the key factors that are important for this mechanism. Based on the similarity of theresults between our benchmark model and the Katz-Murphy model, one conclusion that seems rea-sonable is that unmeasured trend e�ects may simply be serving as a proxy for omitted capital-skillcomplementarity.We also estimated a third version of our model that allowed for both capital-skill comple-mentarity and a di�erence in the growth rate of labor quality of the two types. We found that theestimates from this version did not change our conclusions regarding the importance of capital-skillcomplementarity: all of the elasticities of substitution in this model were quite similar to those inthe benchmark model. The most striking di�erence between the benchmark model and this thirdversion was that the �t of the skill premium (and the share of skilled labor income to unskilled laborincome) was much better in the benchmark model {the mean square error of the skill premium25



was about twice as high in the third version. What accounts for the relatively poor performanceof the third version of the model? Estimating the parameters of this version yields a modest dif-ference in the growth rate of labor quality of the two types (3 percent higher for skilled labor),versus no trend growth in the benchmark model. This 3 percent di�erence is chosen only becauseit reduces the deviations in the ex ante rate of return equality restriction; the average equipmentrate of return is only about 0.4 percentage point higher than that of structures in this third version.To assess this change in this version relative to the deterioration of the model's ability to accountfor the skill premium, it is important to note that the ex ante rate of return equality restrictionwas introduced as a very simple way of imposing sensible behavior on the di�erence between therates of return on equipment and structures. However, this restriction abstracts from several factorswhich may prevent it from being satis�ed exactly, including risk aversion on the part of investorsand di�erences in tax treatment across assets. If investors are risk averse, higher net returns onequipment may be due to the substantially higher variability of these returns. In addition, we makethe standard assumption that the physical depreciation rates of equipment and structures, whichare key components in calculating net rates of return, are constant. Thus, we abstract from timevariation in depreciation rates that can result from variations in factor intensity use or from changesin the composition of the capital stock over time. As a result, our rate of return equality restrictionmay contain measurement error. For these reasons, it seems sensible to discount the e�ect of the3 percent time trend, since it only reduces the error on the rate of return equality restriction andactually worsens the ability of the model to account for the skill premium.On the basis of these �ndings, we conclude that our benchmark model, driven by capital-skillcomplementarity and with no changes in unmeasured variables, accounts for most of the historicalvariation in the skill premium and provides a reasonable mechanism for interpreting the �nding ofskill-biased technological change presented in other studies25 To gain further insight into how ourtheory helps us understand the behavior of the skill premium over this period, we present the resultsfrom two additional exercises. In our �rst exercise, we present a decomposition of the growth of theskill premium in our benchmark model into the three components de�ned in Section 3: the capital-skill complementarity e�ect, the relative supply e�ect, and the relative e�ciency e�ect. Based on thisdecomposition, we reconstruct how these three components have a�ected the skill premium over thesample period. Recall that since there is no trend growth in labor quality in the benchmark model,26



all uctuations in the skill premium are due to changes in either the capital-skill complementaritye�ect or the relative supply e�ect. The decomposition is presented in Figure 11: the sum of thethree components gives the logarithm of the model skill premium plotted in the lower right panel.The levels in the �gure are measured in logs, just as in the decomposition. The lower right panel,which is the skill premium, is the sum of the data presented in the other three panels. This �gureclearly shows that both the relative supply of labor and capital-skill complementarity have had verylarge and very di�erent e�ects on the skill premium over this period. The relative supply e�ect ispresented in the upper right panel. Given the signi�cant increase in the relative quantity of skilledlabor input over this period, the relative supply e�ect is consistently negative and can be seen tohave reduced the skill premium by more than 40 percent over the sample. In particular, we �ndthat the relative supply e�ect was an important factor in the decline of the skill premium during the1970s. This �nding is consistent with Katz and Murphy (1992). The contribution of the capital-skillcomplementarity e�ect is presented in the upper left panel. This factor is clearly the driving forcebehind the increase in the skill premium over the sample period. The total e�ect of capital-skillcomplementarity is to have increased the skill premium by nearly 60 percent over the sample. We�nd that this factor was particularly important in the 1960s, increasing the skill premium about 2.5percent per year on average, and also after 1980, increasing the skill premium by about 2.1 percentper year. Between 1969 and 1979, however, this factor had a smaller positive e�ect, increasing theskill premium only about 1.4 percent per year.Our �nal exercise provides further information on the importance of the capital-skill com-plementarity e�ect in understanding wage inequality. We use our benchmark model to simulatethe evolution of the skill premium under a counterfactual assumption on the growth rate of capitalequipment. In this counterfactual exercise, the implied skill premium from our benchmark model isgenerated under the assumption that the post-1975 average growth rate of capital equipment wasequal to its lower pre-1975 average growth rate. We �nd that if equipment had grown at its pre-1975average rate in the post-1975 period, the skill premium would have risen just 2 percent relative toits value in 1963. This is substantially less than the 18 percent increase predicted by the modelunder the actual time path of the stock of equipment.27



5 Summary and ConclusionOver the last 30 years, the growth rates of labor input quantities and prices have changeddramatically. The quantity of skilled labor input relative to unskilled labor input has increasedconsiderably, and relative wages of skilled labor have also grown signi�cantly since 1980. Theconclusion reached by most studies is that observable variables can account for only a small fractionof increased wage inequality and that implicit trend growth in skill-biased technological changeis the key factor responsible for these changes. Despite this widespread conclusion, there is nostandard theory for interpreting skill-biased technological change, nor are there direct measures ofthis object. This paper develops a neoclassical framework in which capital-skill complementarity isthe driving force behind increased wage inequality. Capital-skill complementarity provides a simple,explicit mechanism for understanding skill-biased technological change: rapid growth in the stock ofcapital equipment, combined with the di�erent ways equipment interacts with skilled and unskilledlabor input in the production technology, has increased the marginal product of skilled labor whiledecreasing the marginal product of unskilled labor.Our main �nding is that capital-skill complementarity is an important missing factor in un-derstanding historical variation in the skill premium. With moderate capital-skill complementarity,we �nd that changes in observed factor quantities can account for the variation in wage inequalityover the last 30 years. Without capital-skill complementarity, we �nd that the skill premium wouldhave declined about 45 percent over the period. Moreover, our benchmark model, with capital-skillcomplementarity but no changes in unobserved variables, not only accounts for changes in the skillpremium, but is also consistent with other important long-run U.S. growth observations, includingthe behavior of aggregate and relative income shares over time, and is consistent with reasonable ofrates of return on capital. These quantitative predictions, together with the simplicity of this model,suggest that it can be used to study other questions related to capital-skill complementarity. On thebasis of our quantitative analysis, we conclude that the common empirical �nding of trend growthof skill-biased technological change as an important determinant of wage inequality may simply beserving as a proxy for omitted capital-skill complementarity.Our �ndings have important implications for growth and the formulation of economic policy.While the development of better and cheaper capital equipment bene�ts the economy as a whole,28



our results quantitatively show how this development can signi�cantly drive down the relative wagesof unskilled workers. As a result, growing wage inequality can be a consequence of economic growththat is driven by technological progress in the production of new capital equipment. As the gapbetween wages for skilled and unskilled workers has increased, a number of economic policies havebeen proposed to narrow the wage inequality. One popular policy proposal is to increase tradebarriers and increase the price of imported goods in order to protect domestic unskilled labor fromcompetition with low-wage foreign labor. However, our �ndings suggest that these types of policieswill not be very e�ective, since unskilled labor is competing not only with foreign labor, but alsowith persistently cheaper and better capital equipment. Instead, our results suggest that the keyto narrowing inequality may be through increased education and training for unskilled workers. Byimproving skills, workers can utilize new equipment and raise their own productivity, rather thanbe replaced by new machines.
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Appendix 1. Labor Input DataThe sources of our data are the CPS Annual Demographic Uniform March Files (CPS UM)for the years 1964{88 and the CPS Annual Demographic March Files (CPS M) for the years 1989{93. The former are just a standardized version of the latter; hence, they are easier to use forthat sample period. Following Katz and Murphy (1992), we drop nonreporting individuals fromthe sample, since the Census Bureau changed its imputation methods for nonreporting individualsmidway through our sample.We have restricted our attention to all people between 16 and 70 years old, excluding theself-employed. The series for skilled and unskilled labor input and wages are constructed in twosteps. In the �rst step, several hundred demographic groups are constructed, and some variables arerecorded in each group. In the second step, these few hundred groups are sorted into two categories:skilled labor and unskilled labor. The key variables are aggregated across groups to obtain category-speci�c averages. In the second step, there is some weighting of the variables which goes beyondthe CPS weighting scheme needed for adjusting the sampling probability.In what follows, we describe how the groups were constructed, what criteria we used to sortthe demographic groups into skilled and unskilled categories, and how the group variables wereaggregated and weighted to construct the measures of skilled and unskilled labor input and wagesused in the paper.Individual VariablesFor each person, we recorded demographic characteristics, such as age, race, sex, and years ofeducation, as well as the CPS weights. We also recorded current employment status, weeks workedlast year, hours worked last week, and labor income earned last year.26 In Table A.1, we reportthese variables, along with the label used in the paper, and their counterpart and position in theCPS �les. The index i is used for workers and the index t for the current year.Construction of Demographic GroupsAll workers in the sample are grouped according to their demographic characteristics. Thegroups we consider are distinguished by the following:30



� Age. There are 11 �ve-year groups.� Race. Race variables are grouped into white, black, and others.� Sex.� Education. The education status is grouped as follows:1. Ei � 11: No high school diploma.2. Ei = 12: High school graduate.3. 12 < Ei � 15: Some college.4. Ei > 15: College graduate and more.Each worker is assigned to one group de�ned by age, race, sex, and education. We have 264of these groups, each of which generates a partition of the population in the sample and which wedenote by g 2 G. For each one of these partitions, we need to construct an average measure of thelabor input and the labor earnings. For the computation of the group labor input, we must takeinto account the labor input of those workers who reported zero hours worked last week. (This canoccur although they worked last year for a positive number of weeks: the week before the surveythey were either unemployed or, if they had a job, they were not at work.) We have made thiscorrection by assuming that their weekly supply of hours is equal to that of the average worker withnonzero hours worked belonging to their same group. Hourly wage is just the ratio between lastyear's labor income and last year's measure of labor input (in hours). First, we obtain the followingmeasures of individual labor input lit and hourly wage wit :li;t�1 = hitwki;t�1 if worked last week,li;t�1 = �hgtwki;t�1 if did not work last week,wi;t�1 = yi;t�1li;t�1where �hgt = Pi2g 1(lfsit=e)hit�itPi2g 1(lfsit=e)�it . Therefore, for the whole group g, we obtain31



lg;t�1 = Pi2g li;t�1�itPi2g �itwg;t�1 = Pi2g wi;t�1�itPi2g �it�g;t�1 =Pi2g �it:Aggregation of Groups Into Skilled and Unskilled CategoriesThe next step is to aggregate the set G of 264 groups indexed by g into skilled, that is,g 2 Gst, and unskilled, that is, g 2 Gut, categories and compute measures of the total annual laborinput for skilled workers Nst and of their hourly wage Wst, as well as total annual labor input forthe unskilled Nut and their hourly wage Wut. Skilled workers are those with a minimum numberof years of education. For the �rst criterion (EDU COL), skilled workers have at least a collegedegree; unskilled workers are all the rest. This partition is time invariant; that is, the groups of Gthat belong to the skilled category are always the same.Skilled and Unskilled Total Labor Input and Hourly WageThe key problem, at this stage, is how to aggregate group-speci�c measures into the broadclasses of skilled and unskilled labor de�ned by the criteria above. In doing this, we assume thatthe groups within a class are perfect substitutes (they simply add), and for the aggregation we useas weights the group wages of 1980 in very much the same way that real gross domestic product iscomputed in the NIPA. Let j = s; u indicate the skilled and the unskilled type, respectively. Thenthe total labor input (in hours) for the two categories isNj;t�1 = Xg2Gjt lg;t�1wg;80�gt:The average hourly labor income is, therefore, justWj;t�1 = Pg2Gjt wg;t�1lg;t�1�gtNj;t�1 :Finally, note that we have CPS data for the period 1964{93, but since wages and labor input datain the survey always refer to one year earlier, our sample spans the period 1963{92.32



Appendix 2. Capital Stock DataIn the model, we have two types of capital: structures and equipment. Central to the modelis the observation that the price of equipment has declined relative to the price of nondurable con-sumption goods and services and to the price of capital structures. Since, in the data, the behaviorof the two latter prices is very similar, we have assumed a unique price for both consumption andstructures. This price index (P CONS) is obtained from the implicit price deators for nondurableconsumption and services. The implied average growth rate of consumption prices for the periodis 5.3 percent. For the measurement of structures, we follow Greenwood, Hercowitz, and Krusell(1996).The measurement of capital equipment is a more complex matter, as we are interested in thee�ciency units of equipment that enter as an input of the production function in each period. Toobtain e�ciency units, we need to compute their relative prices. Because of the huge improvementin the quality of equipment goods that has occurred over the last 10{15 years, especially for informa-tion processing equipment, quality-adjusted price indices are needed for a meaningful and reliablemeasure of this relative price. Unfortunately, the NIPA series does not contain any adjustment forimproved quality until 1992, when a quality-adjusted price series for computers and peripherals be-came available starting from 1982. Many economists regard this adjustment as still unsatisfactory,since the methodology followed|a matching models procedure|is likely to understate the dramaticprice decline which occurred in computers in the 1980s and is ongoing in the 1990s.27 Moreover,the categories other than computers and peripherals have no adjustment at all. We �rst presenta breakdown of the producers' durable equipment (PDE) into categories, as it is in the NIPA, tointroduce some labels we will be using hereafter:� O�ce information processing (OIP).{ O�ce computing and accounting machinery (OCAM).� Computers and peripherals (COMP).� Other (OFF).{ Other o�ce and information processing (OTHOIP).� Communications (COMM). 33



� Instruments, photocopy, and related equipment (INST).� General industrial equipment (INDEQ).� Transportation (TRANSP).� Others (OTHER).Figure 12 shows the relative nominal shares of the four main categories, according to theNIPA. As expected, the share of OIP doubled in the observed period, and all the increase seems tohappen especially between 1979 and 1985.Quality Adjustment for Prices of EquipmentThe price index we have used to aggregate all the quality-adjusted prices for the di�erentcategories of PDE and to obtain a unique corrected price index for capital equipment is a T�ornqvistindex (TORN). If we assume that there are N goods, labeled i = 1; :::; N , the change of the TORNprice index from t � 1 to t is given by�TORNt = NXi=1 log pitpit�1! �sit + sit�1�2where pit is the price level of good i in year t and sit is the nominal expenditure share on good iin year t. This index is an annual chain-weighted index; that is, the nominal value shares usedto aggregate the prices of the categories are not �xed to a given base year, but they change everyyear. Chain-weighted indices such as T�ornqvist or Divisia provide better approximations than �xed-weight indices for rapidly changing prices and shares. In cases where there is a fast decrease in theprice of some commodities, as there is in our case, a �xed-weight index would overstate the declinebefore, and understate it after, the base year, and, in general, the behavior of the index woulddepend heavily on the choice of the base year.Gordon (1990) computes a quality-adjusted T�ornqvist index for PDE for the period 1947{83;hence, for the sample period up to 1983, we rely on Gordon's (1990) data. For the sample periodafter 1983, we are not aware of any existing quality-adjusted series for the categories above thatcan be used, except for computers, for which a fairly large literature on quality-adjustment hasdeveloped recently. Hence, we need to construct the series ourselves. As a �rst step, we aggregate34



the 16 primary categories used by Gordon (1990) into the four main groups: OCAM, INDEQ,TRANSP, and OTHER. The price indices for the INDEQ, TRANSP, and OTHER categories didnot change dramatically in the 1980s, unlike computers. It is likely, hence, that the relationshipbetween the quality-adjusted and the o�cial price indices has stayed approximately stable over timefor these categories. Therefore, we forecast the quality-adjusted prices for 1983{92 using the seriesof the o�cial NIPA price indices, which are available up to 1992.We �rst estimate a vector autoregression (VAR) for the period 1963{83 on the quality-adjusted price indices for INDEQ, TRANSP, and OTHER in levels (in order to exploit their possiblecointegration) using their past values, the lagged o�cial NIPA price indices, and a lagged indicatorof the cycle as exogenous regressors.28 Then we forecast recursively up to 1992, exploiting the factthat the exogenous variables are observable also for that period. The results of the estimation arein Table A.2, and the series is shown in Figure 13. Until 1983, the values are from Gordon's (1990)series; starting from 1984, values are forecasted. P CONS is also plotted for comparison.The computation of an accurate quality-adjusted series for OIP is a key issue, since this isthe group that recorded the largest change in price and relative share. We �rst split the OIP groupinto COMP and all the OIP categories other than computers and peripherals (OFF, COMM, andINST). For communication equipment and instruments, we use the same forecasting technique asbefore, but we �t two separate equations this time, as the data before 1984 do not show any strongcomovements. Results of Estimation on P COMM and P INSTDependent Variable: P COMMVariable Coe�cient t-stat.Constant �0:62 �0:162AR(1) 0.90 7.80MA(4) 0.91 2.11OP COMM(�2) �0:32 �2:84DLAGG(�2) 0.01 2.64�R2 = 0:87
Dependent Variable: P INSTVariable Coe�cient t-stat.c 1.89 3.36AR(1) 0.68 5.63MA(2) �0:64 �3:27OP INST(-1) 0.06 0.61DLAGG(-5) �0:02 4.03�R2 = 0:97Remark: The pre�x OP indicates the o�cial NIPA series.35



The table above shows the results of the estimation over the 1963{83 sample period, whichmake up the model from which we forecast the quality-adjusted price up to 1992. In Figure 14, thegrowth rates in the COMM and INST categories are plotted for the relevant period. The obtainedvalues have sensible magnitudes, and the fact that they comove signi�cantly after 1983 con�rmsthe reliability of the forecast. For the OFF category, we take the o�cial NIPA price index, as weconjecture that the quality-adjustment would not be very relevant.For computers and peripherals, a large literature on quality-adjusted price indices is avail-able. We made an e�ort to reconstruct a meaningful index from some of these pieces of work. TheCOMP category is composed of personal computers (PCs), other computers (mainframes, super-computers, workstations, and midrange computers), and peripherals. Computers and peripheralsheld by consumers are not relevant for our measure of capital input; therefore, we consider onlythe durables used in the business sector. From the Statistical Abstracts of the United States, we getthat the share of PCs in the business sector increased from 37 percent to 57 percent of the totalexpenditure in PCs in the decade considered.29 Assuming that all the other types of computersare held by the business sector and that peripherals are shared between the home and the businesssectors in the same proportion as computers, we get that the share of workstations, mainframes,and other computers of the total expenditure on COMP declined from 46 percent to 35 percent,while the share of PCs increased from 9 percent to 21 percent between 1983 and 1992. The shareof peripherals was constant at around 44 percent of total COMP.In terms of adjusted price indices associated to these shares, the only existing adjusted priceindex for peripherals is computed by Cole et al. (1986) for the period 1972{84. It shows an averagedecline of 10 percent, which is lower (in absolute value) by a factor of 1.3 than the correspondingmagnitude for the total adjusted price series for OCAM in the same period, taken from Gordon(1990). Using the shares of the categories, we compute that the ratio of the decline in the price ofperipherals and to that of PCs and mainframes is 0.65. We assume that this ratio also holds forthe period 1984{92; so, given the adjusted price indices for di�erent types of computers, we canrecover that of peripherals, too. Brown and Greenstein (1995) compute an adjusted series for pricesof mainframes, and they �nd that in the period 1985{91, their price declined by 30 percent, onaverage, every year. We assume that their numbers also hold for all the other types of computers,except PCs. Berndt, Griliches, and Rappaport (1995) compute a hedonic-adjusted price index for36



PCs from 1989 to 1992 and conclude that the price declined by more than 29 percent a year.Moreover, they report a result from a previous study that covered 1983{88, for which the averagedecline was 22 percent.30 For the missing years, we assume that the change in price is an averageof the change in the previous and the next year, when the point of the sample is interior, as in 1989for PCs. Otherwise, we assume that the price change equals that for the closest year for which anobservation was available, as for 1983, 1984, and 1992 for mainframes.In Figure 15, the resulting price index for computers based on the literature is comparedto the NIPA index|an implicit price deator (IPD) with a base year of 1987|which is adjustedfor quality, too, as mentioned above. Our results con�rm the general impression that the NIPAindex still underestimates the true decline in price for COMP. It is also interesting to note that,compared with the chain-weighted T�ornqvist index, the NIPA index overestimates the decline in theprice index before the base year and underestimates it afterward, as expected, since the so-calledsubstitution bias is very strong for this group of goods.Using the above data on price indices and shares, subject to the assumptions made, we canconstruct the series for quality-adjusted price indices for the aggregate of OIP with a T�ornqvistprocedure.Time Series of Adjusted Price Indices and E�ciency Units of Capital EquipmentAt this point, we can use the procedures described in the previous sections of the appendixto obtain series for relative prices and e�ciency units of capital equipment for the whole period1963{92. First, we aggregate the price indices for the four main categories with the T�ornqvistprocedure. The relative price index is constructed by dividing the aggregate TORN price seriesthrough P CONS. In Figure 2, the growth rates of the relative price index series are compared withthe NIPA series of relative prices obtained by dividing the o�cial IPD of PDE (base year 1987) byP CONS.Investment in capital equipment in e�ciency units is constructed by deating the nominalseries of investment in equipment from the NIPA through our quality-adjusted price index for equip-ment. The series for capital equipment is obtained starting from a value of capital which matchesthe investment-capital ratio in Gordon (1990) (Table 12.6) for 1963 and recursively constructingcapital the next period with investments and the depreciation rate of 0.125 calibrated as describedin Section 5 of the paper. Figure 16 reports our series of growth rates of capital equipment and the37



series implied by the o�cial NIPA data. The following table summarizes the average growth ratesof the relative price and the capital stock in e�ciency units for our computation and for the NIPAdata before and after 1980, the key year in the time pattern of the skill premium.Growth Rate 1963{79 1980{92Rel. Price NIPA �0:003 �0:026Rel. Price TORN �0:036 �0:060Capital Equip. NIPA 0.046 0.034Capital Equip. TORN 0.068 0.074We report in Table A.3 the Citibase denomination of all the series taken from the NIPA forthe construction of our series on capital equipment and its relative price.Table A.1: Variables Used For Data On Labor Input and WagesVariable Label CPS UM (Position) CPS M (Position)Age ait Age in Years (93) Age in Years (15)Race ri Race (179) Race (25)Sex si Sex (183) Sex (20)Years of Education ei Highest Grade (124 and 99) Highest Grade (22 and 24)Employment Status lfsit Employment Status (107) Labor Force Status (145)Weeks Worked wki;t�1 Weeks Worked Last Year (205) Weeks Worked Last Year (171)Weekly Hours Worked hi;t Hours Worked Last Week (126) Hours Worked Last Week (76)Labor Income yi;t�1 Person's Wage and Salary (187) Total Wage and Salary Earnings (243)Weight �it Person's Suppl. Weight (281) March Suppl. Person Weights (66)
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Table A.2: VAR Estimation ResultsP INDEQ P TRANSP P OTHERc 1.52 1.55 0.44(1.66) (2.50) (0.43)P INDEQ(�1) 0.39 �0:38 0.94(0.72) (�1:17) (1.8)P TRANSP(�1) �0:64 0.28 �0:26(�2:38) (1.54) (�0:88)P OTHER(�1) �0:40 �0:01 �0:52(�0:94) (�0:04) (�1:14)OP INDEQ(�1) 3.02 1.88 7.10(2.30) (1.57) (2.54)OP TRANSP(�1) �0:05 0.26 1.00(�0:04) (0.31) (0.76)OP OTHER(�1) �0:48 �0:75 �6:51(-0.24) (-0.56) (�2:98)DLAGG �0:01 �0:01 �0:00(�1:27) (�2:65) (�0:11)�R2 0.990 0.976 0.989Table A.3: Variables Used For Data On EquipmentVariable CitibaseLabelPDE GIPDPDE (in 1987 prices) GIPDQComputers and peripherals GIPCPOCAM GIPOSOther OCAM GIPOCCommunications GIPCEInstruments GIPISPhotocopy and related equipment GIPPEIndustrial equipment GFINETransportations GFINTOther PDE GFNPOIPD for nondurable consumption GDCNIPD for services GDCS
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Appendix 3. Econometric TechniqueFor the estimation of our model we use the simulated pseudo maximum likelihood estimation(SPMLE) algorithm. The theory of pseudo maximum likelihood estimation (PMLE) was developedby White (1982) and Gouri�eroux, Monfort, and Trognon (1984). The PMLE is based on the ideathat one can approximate the unknown or intractable likelihood function with a simpler objectivefunction constructed from some empirical moments of the dependent variables. When these momentscannot be obtained analytically, under some fairly general conditions they can be simulated: thislatter extension of the original PMLE method is called SPMLE and is due to Laroque and Salani�e(1989), Laroque and Salani�e (1993) Laroque and Salani�e (1994). The two step version that we useto correct for potential endogeneity is due to White (1994). The notation that follows is the sameas that used in the text.Description of the Estimation MethodThe simplest way of conducting the analysis would be to assume that the left side variablesin the equations (the factor shares and expected rates of return) are endogenous and that the factorinputs are exogenous. This simple approach implicitly assumes that labor supply is predeterminedat any point in time and thus abstracts from the potential e�ect of the i.i.d. labor quality shockson hours worked. To allow for the possible dependence of hours worked on shocks, we use thetwo-step SPMLE procedure developed by White (1994), which is similar in spirit to two-stage leastsquares. We therefore treat skilled and unskilled labor input as endogenous, and we project thesevariables onto a constant, current, and lagged stock of capital equipment; current stock of capitalstructures; the lagged relative price of capital equipment; a time trend; and the lagged value of theCommerce Department's composite index of business cycle indicators. The �tted (instrumented)values of skilled and unskilled labor input from this �rst-stage regression are then used in a second-stage analysis described below. We de�ne the vector eXt as consisting of the stocks of equipmentand structures and of the instrumented values of skilled and unskilled labor input. While we allowfor dependence of the labor input on shocks, we treat the capital stocks as predetermined variables.We argue that this is a reasonable approach, since the stocks of capital evolve very slowly over time,and thus will tend not to respond much to these i.i.d. shocks.In the second stage of the analysis, we use the instruments and instrumented values of the40



labor input series with the SPMLE. This proceeds as follows: given the distributional assumptionson the error terms, for each year t observation we generate S realizations of the dependent variableseach indexed by i, by following two steps:Step 1: 'it = '0 + t+ !it:Step 2: Zit = f( ~Xt; 'it; "it;�): (A1)In Step 1, a realization of !t is drawn from its distribution and used to construct a year tvalue for 't. In Step 2, this realization of 't, together with a draw of "t allows us to generate arealization of Zt.By simulating the model through (A1), we can obtain the �rst and second moments of Zt:mS(Xt;�) = 1S PSi=1 f( ~Xt; 'it; "it;�)VS(Xt;�) = 1S�1 PSi=1 �Zt � f( ~X it ; 'it; "it;�)��Zt � f( ~X it ; 'it; "it;�)�0 :On the basis of these moments constructed for each t = 1; :::; T we can write the objectivefunction as`S(ZT ; ~XT ; �) = 12T TPt=1�hZt �mS( ~Xt;�)i0 �VS( ~Xt;�)��1 hZt �mS( ~Xt;�)i+ log det �VS( ~Xt;�)�o : (A2)The SPML estimator b�ST is de�ned simply as the maximizer of (A2). Note that throughoutthe maximization procedure of the objective function, the same set of (T � S) random numbers foreach component of the three-dimensional vector of shocks must be used to prevent the likelihoodfrom becoming a random function.Properties of the SPMLE MethodThe SPMLE method has intrinsically two sources of bias. One comes from the approximationof the objective function: instead of the intractable original likelihood, we use a simpler objectivefunction. The other originates from the fact that the true moments are replaced by the simulated41



ones, inducing some simulation uncertainty. In our application, there is a third potential source ofbias due to the small sample.Laroque and Salani�e (1989) proved that the original consistency result of Gouri�eroux, Mon-fort, and Trognon (1984) extends to an environment where the moments of the endogenous variableneed to be simulated. Under stationarity of the series, if the pseudo distribution belongs to thequadratic exponential family, as in our speci�cation, then there is no approximation bias and theSPMLE is consistent and asymptotically normal so, as S !1, T !1; andpTS ! o,pT �b�ST � �0�! N �0; J�10 I0J�10 � (A3)where I0 = E0 n@`(Zt;Xt;�)@� @`(Zt;Xt;�)@�0 o and J0 = E0 n�@2`(Zt;Xt;�)@�@�0 o. We use E0 to denote the expec-tation with respect to Zt and Xt taken under �0, the true parameter value. As far as the simulationbias is concerned, Laroque and Salani�e (1994) prove that this bias has the order of 1S and accordingto their Monte Carlo experiments, for S = 20 the bias is already extremely small.These theoretical results on the SPMLE are asymptotic and hold for stationary environments.In our analysis, however, the regressors and the latent variables have trends and the sample size issmall. To investigate the performance of this estimator in small samples and with trending processes,we conducted in Ohanian et al. (1996) a Monte Carlo analysis on the properties of this estimatorunder these conditions. In particular, we took a version of our production function with capital-skillcomplementarity, simulated generated data from the model under assumed parameter values, andthen estimated the parameters using the SPMLE. We analyzed the case in which the data wereboth trend stationary and di�erence stationary. We found that for trend stationary processes, thereis very little mean and median bias in the estimated parameters of the model even for S = 10.This �nding is consistent with the results of Laroque and Salani�e (1994), who considered a di�erentmodel. For S = 50, we found that the mean bias is essentially zero in our model for the key curvatureparameters � and �:One could, in principle, improve on the SPMLE by running indirect inference with theSPMLE as a �rst-step estimator. This procedure, given the presumed consistency of the �rst-step estimation method, would provide a correction for the potential small-sample bias, as pointedout by Gouri�eroux, Renault, and Touzi (1995). We have experimented with indirect inference cor-42



rection, and we conclude that it does not make any signi�cant improvement on the SPML estimator.The initial bias of the �rst step is so small that a correction would probably require such a largenumber of simulations that the indirect inference algorithm would become infeasible.Practical ImplementationAn important choice in the practical implementation of the SPMLE is the number of sim-ulations, S. Our estimation algorithm was run with S = 500: We chose this number since, afterthis point, changes in the estimated parameter vector due to simulation uncertainty were negligible.Our Monte Carlo experiment also suggests that this number of simulations is a reasonable choice.Standard deviations of the SPML estimator were computed on the basis of this asymptoticresult in (A3). The sample counterparts of I0 and J0 for the 2S estimator areÎST = 1T PTt=1 �@`(Zt; eXt;b�ST )@� @`(Zt; eXt;b�ST )@�0 �ĴST = 1T PTt=1��@2`(Zt; eXt;b�ST )@�@�0 � : (A4)The main practical di�culty encountered in the estimation procedure was to pin down thevariance of the latent state. In fact, when �! was estimated together with the other parameters, thealgorithm would always tend to quickly increase the estimated variance generating an implausiblylarge high-frequency variability in the implied simulated paths of the wage premium and the laborshare. Therefore, in the estimation, we restricted �! to belong to an interval for which the volatilityof the model wage premium and the labor share are similar to their data counterpart.With such a large parameter space and with simulation-based estimation techniques, there isuncertainty about whether the maximum found is local or global. To assess the global nature of theoptimum, we used Veall (1990)'s test based on de Haan (1981) asymptotic con�dence interval forthe �rst-order statistics. Call ^̀ the value of the objective function at the optimum, and call `1 and`2 the highest two values of a vector of M random evaluations of the likelihood in the parameterspace. We reject the null hypothesis that the optimum is not a global maximum at the (1� p) levelof con�dence if `p > ^̀, where `p = `1+�`1 � `2� = �p�2k � 1� and k is the dimension of the parameterspace. We performed M = 60; 000 random evaluations of the likelihood in the parameter space.31We found that we could reject the null hypothesis only for p = 0:185. Therefore, at a conventional43



con�dence level (10 percent or 5 percent), the hypothesis is not rejected.In addition, we used the information collected through these random evaluations for a furthercheck. We identi�ed among the M evaluations those points far from our estimate of b�ST where thelikelihood was relatively high, and we restarted the maximization routine at those new initial guesses,but we found only lower local maxima.
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Footnotes1Bound and Johnson (1992), among others, conclude that much of the variation in the skillpremium is attributed to a residual trend component that is often called skill-biased technologicalchange. These authors evaluate a number of explanations in the literature for the increase in wageinequality. Murphy and Welch (1992) emphasize the loss of high-wage manufacturing jobs associatedwith increased foreign competition and a higher trade de�cit. Bluestone and Harrison (1988) stressthe decline in the ability of labor unions to negotiate high wages.2 The Gordon (1990) data cover the sample period until 1984. The computation of the stockof capital equipment and its relative price for the post-1983 period is described in detail in Appendix2. 3 Investment as a share of total output has remained roughly constant over the sample period.For more details on the index construction, see Appendix 1.4 The ratio of skilled to unskilled labor input for other education-based skill de�nitions showsa similar trend. For example, if skilled labor is de�ned as requiring at least high school completion(12 years or more of education), the ratio of skilled to unskilled labor hours rises by a factor of morethan six.5See Greenwood, Hercowitz, and Krusell (1996) for details.6Goldin and Katz (1995) analyze historical data on the premium to education for o�ce workersand �nd that technological progress was a factor in increasing the demand for skill during the earlyparts of this century. Goldin and Katz (1995) document a decrease in the education premium andargue that it was mainly due to the increased supply of educated workers (high school graduates).Goldin and Katz (1996) qualitatively discuss the origins of capital-skill complementarity in termsof a three-factor production function that is a special case of one we consider. They conclude thatlong-run historical data support their speci�cation. It is interesting to note that the speci�cationadvocated by Goldin and Katz on historical grounds is consistent with the preferred nesting of ourmodel.7Goldin and Katz (1996) have interpreted this general type of production function along thefollowing lines. Production takes place in two stages: machine maintenance and assembly. Inthe �rst stage, skilled workers adopt new technologies and ensure that they work e�ciently inthe organization. In the second stage, assembly involves the product of machine maintenance andunskilled labor, and it is the more mechanical part of the production process. For illustration,Goldin and Katz (1996) suggest that machine maintenance is Leontief in skilled labor and totalcapital and that assembly is a Cobb-Douglas structure.8 Note that this expression is an approximation, since we make use of the approximationln(1 + x) ' x: As we discuss below, in the estimation of the model, we need to �x the scale, andwe do this by restricting the initial value for the skilled labor e�ciency. We are, therefore, free toselect a value that makes the above expression very accurate.9A steady-state growth path exists in this model either if � = � = 0 or if the long-run growth45



rates of all inputs in e�ciency units are the same (gu = gs = gke): If these conditions are not satis�ed,an asymptotic steady-state growth path exists, with either one or two factors having relatively littleimportance in the long run. Since we have abstracted from modeling household choices, our analysisdoes not have predictions for the long-run growth rates of these inputs.10 Recall from the previous section the substantial di�erence in the growth rate of equipmentrelative to structures over this period.11 For an estimation of the labor e�ciency factors based on input share di�erences acrosssectors, see (Kahn and Lim, 1997).12Neutral technological progress will not be treated as an additional latent state variable, butrather can be identi�ed using our production function and measures of output. Output is taken tobe the domestic product of the private sector, excluding the housing and the farm sectors.13We have explored the implications of this assumption and found that it does not a�ect ourresults in any signi�cant way. This is described in Subsection D.14To simplify the analysis further, we assume that next period's realizations of neutral tech-nological change (At+1) and labor e�ciency ( t+1) are known when investment decisions are made.Thus, the only uncertainty in this equation is that qt+1 is unknown at date t. This informationassumption simpli�es the estimation of the model substantially, because it allows us to abstractfrom specifying a separate stochastic process for neutral technological change (At): A speci�cationthat estimates the parameters of this process is much more complicated: it involves more param-eters to be estimated, is computationally more intensive, and results in fewer degrees of freedom.Moreover, it requires an additional assumption of measurement error, since the output from themodel under this speci�cation will, in general, deviate from output in the data. For some of themodel speci�cations, we estimated this more complicated version and found that the results changedin only minor ways. The main di�erence was that the estimation of this speci�cation of the modelwas much slower.15We specify an ARIMA model for forecasting the relative price of capital. This speci�cationis detailed in Subsection D.16 Since "t enters in only the third equation, the �rst two elements of the vector are identicallyzero.17 The parameter �" is estimated as (1 � �e) times the standard error of the residuals of alinear regression of qt+1qt on the variables in the information set �t. The results are robust to di�erentspeci�cations of the conditional mean. The estimated equation is q̂t = 0:5 � 0:005t + 0:48q̂t�1 �1:07"t�1 + "t, where q̂t+1 � qt+1qt , with �R2 = 0:49 and �̂" = 0:023:18 By symmetry, the elasticity of substitution between unskilled labor and skilled labor is also1.67. This estimate is near the benchmark value cited in Subsection A.19 Recall that our proxy condition for missing rental prices of structures and equipment equatedthe expected rate of return on investment to these two types of capital in our model, as opposed tothe ex post returns shown in Figure 9.20The large increase in the relative price is evident in both the o�cial National Income and46



Product Accounts (NIPA) equipment price index and in Gordon's (1990) quality-adjusted data.21 In addition to the e�ect of a few inuential observations, particularly the 17 percent returnin 1974, other factors may account for the di�erence between the average returns on equipment andstructures. In particular, equipment may yield a higher rate of return than structures, given thatthe volatility of equipment returns is so much higher. This outcome could occur if investors wererisk averse.22 We also used two-step SPMLE to estimate the parameters of the model. These estimateswere similar to the OLS estimates.23 In conducting our analysis, we found that the di�erence between the trend growth ratesof skilled and unskilled labor quality was important, rather than the absolute levels. Therefore, wenormalize unskilled labor quality to have no trend growth in quality and, thus, estimate one lessparameter. This reduced computation time signi�cantly when we estimated versions of our modelusing the two-step SPMLE.24 We also estimated the parameters using the two-step SPMLE. The estimates were: � = 0:280and s � u = 0:090.25We assessed the robustness of our results by considering two changes to our model. First,we used an alternative de�nition of skill, in which skilled workers were those with at least somecollege education (13 years of school or more). The basic �ndings were similar, with the elasticityof substitution between skilled labor and equipment very similar to that in the benchmark case anda moderately higher elasticity of substitution between unskilled labor and equipment (1.89 versus1.67 in the benchmark model). Second, we assessed the sensitivity of our results to di�erentialtax treatment of structures and equipment. There are two sources of di�erences in tax treatment:di�erent depreciation allowances and the use of the investment tax credit (ITC), which applies onlyto equipment purchases. Cummins, Hassett, and Hubbard (1994) construct annual time series onthe ITC and the present value of depreciation allowances for equipment and structures over the1953{88 period. We incorporated the ITC into our analysis, but we could not use their data ondepreciation allowances directly, since it would require us to keep track of the entire distribution ofequipment and structures. Thus, a comprehensive analysis of tax di�erences across assets is beyondthe scope of this paper. Adding the ITC to our analysis did not change the �ndings in any importantway. The results were very similar to the benchmark model {the elasticities of substitution werenearly identical to those in the benchmark case. (The parameters were not strictly comparable tothose reported in Subsection E, since the model with the ITC could be estimated only through1988.) Given the tax bene�t of the ITC, the average net ex post rate of return on equipment wasabout 3 percent higher than that on structures, versus 2 percent higher in the benchmark model.We concluded that explicitly accounting for the ITC would not materially change our �ndings.26 No correction has been made for top-coded earnings. For instance, Juhn, Murphy, andPierce (1993) impute earnings as 1.33 times the top-coded value, but they report that their resultsare not sensitive to this correction.27 See, for instance, Triplett (1992) or Berndt, Griliches, and Rappaport (1995). The latter47



paper reports that the price index based on the matching models procedure largely underestimatesthe decline in the price of PCs|compared with hedonic price methods.28It is a composite index of seven lagged indicators, named DLAGG in the Citibase data set.29 See Statistical Abstract of the United States (1991, Tables 1273, 1274, 1277, pp. 754{55)and Statistical Abstract of the United States (1992, Tables 1256 and 1258, p. 771) for the share ofdi�erent types of computers, the share of peripherals, and the fraction sold to business.30 See Berndt, Griliches, and Rappaport (1995) footnote 2, p. 245.31 It is not immediately obvious what the optimal ratio M=k should be. Veall (1990) �ndsthat in some cases with 3 parameters, 10 random draws would deliver satisfactory results in termsof test power, but other examples with only 1 parameter needed at least 200 draws.
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Figure 1: Growth Rates of Structures and Equipment
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Figure 2: Relative Price of Equipment
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Figure 3: Evolution of the Relative Quantity of Labor (Skilled Labor Requires College Completion)
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Figure 4: Evolution of the Skill Premium (Skilled Labor Requires College Completion)
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Figure 5: Evolution of Labor Share of Output
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Figure 6: Ratio of Equipment to Skilled Labor Input (College Completion)
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Figure 7: Skill Premium: No Capital-Skill Complementarity
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Figure 8: Skill Premium: Moderate Capital-Skill Complementarity
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Figure 9: Behavior of the Benchmark Model (Estimated Parameters) and the Data60



Figure 10: Behavior of the Katz-Murphy type Model (Estimated Parameters) and the Data61



Figure 11: Decomposition of the Inuence of Di�erent Factors on the Skill Premium62



Figure 12: Nominal Shares of the Four Main Categories of Investment in Equipment
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Figure 13: Quality-Adjusted Price Indices (Forecasts After 1983) for Various Equipment Compo-nents
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Figure 14: Growth Rate of the Price Index of Communication and Instrument Equipment (ForecastsAfter 1983)
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Figure 15: Growth Rate of the Price Index of Computers and Peripherals
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Figure 16: Growth Rate of Equipment With the NIPA and Our Extension of Gordon's (1990) PriceIndices
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